EXECUTIVE SUMMARY

As part of an effort to address landscape health, Northeastern Nevada Stewardship Group
(NNGS) funded the acquisition of very-large scale aerial (VLSA) imagery in a 1/4-mile grid
and complementary ground-collected information, on 25,000 acres of the Rock Creek
watershed in northeastern Nevada administered by the Bureau of Land Management (BLM).
The imagery is intended to provide information for mid-elevation uplands in the watershed
and add to the ecological information being acquired for this area of unique importance to at
least 2 wildlife species of concern. The project objectives were to (1) test the accuracy of
VLSA-derived bare ground measurements in an ecosystem heavily infested with cheatgrass,
(2) test vegetation type identification from VLSA data and try to measure percent cover for
identified plant species, and (3) examine the data by reference to existing GIS data bases and
determine if information extracted from VLSA data can be correlated with landscape
features.

Using the methods described by Booth and Cox (2006a), 649 VLSA images were
acquired 25-28 June 2005 over the study site using an 11.1-megapixel Canon EOS 1DS
digital color camera (Canon USA, Inc., Lake Success, NY) . At the same time, data were
collected from fifty 1-m? ground plots located to match aerial-photo locations falling within
400 yards of a road. Laser point frames (LPFs) (VanAmberg et al. 2005) were used to read
100 points on these plots for ground cover and cover by species. The plots were also
photographed from 2 m above ground level (Booth et al. 2004). Ground data were compared
with information and measurements derived from aerial data. Aerial and ground imagery
were analyzed using VegMeasure 6.0 and SamplePoint software (Johnson et al. 2003, Booth
et al. 2005a, Booth et al. 2006b).

To test the accuracy of automated image analysis, a 10% random subsample of aerial
images (n = 65) were analyzed for bare ground using SamplePoint and the resulting red,
green, blue (RGB) value distributions for each group were examined for trends that might
assist in determining a suitable algorithm for automated bare ground measurements in
VegMeasure. Bare ground had an average RGB value of 161-150-139 (n = 1183) while all
other classes had an average RGB value of 86-87-71, indicating that the sum of RGB was
much higher for bare ground than for other classes. On this basis a “Bright BareGround”
algorithm was created [(R+G+B)+(1000*(R-G))/(R+G))] and all 649 aerial images were

processed using the algorithm. A standardized accuracy test revealed overall accuracy of the



VegMeasure analysis to be 78%; however, on a pixel by pixel basis, the automated analysis
correctly classified bare ground only 33% of the time. Compensating errors allowed the 78%
overall accuracy. We conclude from study of the automated classification errors that no
algorithm used within the framework of VegMeasure 6.0 can correctly separate bare ground
from cured grass since they are essentially the same color. Thus, a manual classification
using SamplePoint was used to classify ground cover.

The SamplePoint/VLSA-derived bare ground average measurement was no different
than the measurements obtained using the laser point frame (ground truth) on 50 plots, or
from any of the 3 SamplePoint analyses utilizing 2-m images (50 images). Precision was
roughly equivalent to the other methods. Thus, despite the confounding factor of cheatgrass
in the ecosystem, accuracy and precision were maintained at levels of traditional ground
methods while the amount of time required for data collection and analysis was reduced.

VLSA data did not show correlation with landscape features, except in the case of
cheatgrass cover, which was much higher on southeast facing slopes than any other.
Additionally (and not surprisingly), recently burned areas showed higher cheatgrass cover
than non-burned areas. Both of these findings are consistent with documented cheatgrass
ecology, but serve to reinforce the risk factors associated with conversion of sagebrush
steppe to cheatgrass. Other abiotic factors likely contribute to the spatial distribution of other
cover classes, such as bare ground and shrubs, but in our analysis, the effect was not
significant. Investigation of these spatial relationships using more sophisticated spatial
statistics techniques will be a focus of future research involving this and other similar data
sets.

Many species of vegetation, typically of larger plant size, were often readily
identified in both the 2-m and 100-m images, however, confidence in the ability of
technicians to consistently and correctly identify species from the current resolution of 100-m
imagery is low. Reasons for this include slight motion blur in the imagery and the limitation
of the 1.1mm GSD. Many examples of species identification are given in the digital
supplement to this report. Grasses presented the highest degree of uncertainty when
classifying by species. All fifty 2-m images were classified to the species level, but the 100-
m images were not classified to this level due to lack of confidence in consistent species

identification coupled with the enormous time commitment required for accuracy. We



conclude that advances in digital camera resolution and more stable camera mounts may

make consistent species identification more feasible in the near future.

INTRODUCTION

The Northeastern Nevada Stewardship Group (NNGS) was established in 1998 as a
community-based organization operating under the concept of collaboration. The NNSG has
no jurisdictional authority but uses collaboration as the tool to develop strategies that
incorporate community values and conserve natural resources within Elko County, Nevada.
This collaborative resource stewardship provides for the well being of the people, perpetuates
multiple land uses, and maintains local cultures. Partners include federal, state, and local
governments, local businesses, ranchers, conservationists, miners and nonprofit
organizations. NNSG is funded by grants, private and corporate donations, Bureau of Land
Management (BLM), and the US Forest Service (USFS). The major focus of the NNSG
strategy is landscape health. Three general conditions that need attention are: (1) proliferation
of non-native plant species, primarily cheatgrass; (2) pinyon-juniper woodlands encroaching
on range sites; and (3) sagebrush-grassland plant communities that have become extremely
vulnerable to fire. In addition to forming working groups to deal with such issues as sage
grouse, science, fire, and recreation, the NNSG has sponsored numerous science-based and
educational workshops related to healthy ecosystems, earth science topics, and problem
solving through the collaborative process. The NNSG was recognized by Nevada Governor
Kenny Guinn for its outstanding work on the Elko County Sagebrush Ecosystem
Conservation Strategy. As part of this effort to address landscape health, NNSG contracted
with Bitterroot Restoration Inc. to obtain very-large scale aerial (VLSA) data with
complementary ground-collected information on 25,000 acres of the Rock Creek watershed,
located in northeastern Nevada, , at the western edge of Elko County. (Several weeks
following the completion of the project, the Esmeralda Fire consumed approximately one
half of the project acreage with a light to moderate wildland fire.) This data acquisition
supplements other aerial surveys supported by the Squaw Valley Ranch. However, the aerial
survey is only the first step. Work is needed to assess the utility of aerial monitoring for this
ecosystem with a secondary objective of developing GIS data-layers for use by BLM and

other land managers.



The specific goals of the project were to:

1. Analyze VLSA and laser point frame (LPF) data and compare them for

percentage bare ground as a means of assessing the accuracy of VLSA-derived bare

ground measurements in an ecosystem heavily infested with cheatgrass.

2. Attempt vegetation type identification - from VLSA data and measure percent
cover for identified plant species. Compare cover-by-species from VLSA imagery

with the LPF cover by species.

3. Examine the data by reference to topography, hydrology, soils type, fire
history, roads, and land ownership and determine if information extracted

from VLSA data is correlated with landscape features such as fire history.

PROJECT ACTIVITY — Materials, Methods and Results

Site Description

The study area was a 25,000-acre area within the 330,000-ha Rock Creek watershed (41° 17°
N, 116° 23’ W) of the Tuscarora Mountains, a topographically-diverse landscape (“rough
range”) in north-central Nevada. The study area is managed by the USDI, Bureau of Land
Management (BLM). Elevation ranges from approximately 1550 to 2100 m and is in a 250 to
300 mm precipitation zone (SCAS 2005). Greasewood (Sarcobatus vermiculatus (Hook.)
Torr.) and saltgrass (Distichlis stricta (Torr.) Rydb., listed as Distichlis spicata (L.) Greene,
by USDA, NRCS. (2005)) form the majority native-plant community at the lower elevations
and sagebrush (Artemisia sp.) bitterbrush (Purshia tridentata (Pursh) DC), mountain
mahogany (Cercocarpus sp.) and aspen (Populus tremuloides Michx.) with grass understory
occupy the higher-elevation sites (BLM 1998). Infestations of cheatgrass (Bromus tectorum

L.) threaten the native shrub communities.



Laser Point Frame

The laser point frame is a device used to collect cover data on 1m” plots (VanAmberg et al
2005). Instead of pins, like the classic steel point frame utilizes, the laser point frame uses 10
red lasers that shine down at the ground at 10-cm intervals along a straight line. A user
identifies the object that the laser is hitting (vegetation, bare ground, rock) and records this
on a datasheet. The laser point frame has been shown to have a potential accuracy of 92%
(Booth et al 2005b).

Laser point frames were used to collect cover data at 50 randomly-selected aerial
photo stations falling within 400 yards of a road from June 26-29, 2005. Four people, in
crews of 2, spent approximately 8 hours for three days collecting this data, resulting in a total
of 96 worker-hours. Each plot was classified using 100 points to the species level. Data was

keyed into an Excel spreadsheet, a task requiring 16 hours (Appendix A).

2m- Images using the camera frame

Concurrent to laser point frame data collection, all plots were photographed from 2m above
ground level using a 6 megapixel Canon 300D digital SLR camera and a camera frame
jointly designed by ARS and Oregon State University (Booth et al. 2004). The plots were
shaded with a white sheet to eliminate shadows. Images were saved as CRW files and later
converted to TIF files. Each image was cropped down to the 1m? plot using Corel PhotoPaint
and adjusted for white balance using white and black points on the image label board

included in each image frame.

100-m Images using Very Large Scale Aerial Photography (VLSA)

An 11.1-megapixel Canon EOS 1DS (Canon USA, Inc., Lake Success, NY) digital color
camera was mounted in a fixed-wing, 500 1b (empty weight) airplane flown at 45 mph
ground speed 100 m (330 ft) above ground level (AGL) (Booth and Cox, 2006a). The camera
was interfaced with a laptop computer via an IEEE-1394 cable. Images obtained by the
camera were stored on the computer’s 40 gigabyte hard drive. The camera was equipped with
a Canon 600 mm, F/2.8 EF lens plus a 1.4x teleconverter to yield the equivalent of an 840
mm, F/4.0 lens. Shutter speed was manually set for 1/4,000th -1/5000% second depénding on
local light conditions. The camera was triggered by an aerial survey system (Track’Air,

Hengelo, The Netherlands) at 402-m intervals (1/4 mile) along flight lines spaced 402-m
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flight plan. Flight lines were planned to run east-west to accommodate a prevailing south
wind. Aerial images covered approx. 3 x 4 m, with resolution of approx. 1 mm ground
sample distance (GSD). Six hundred forty nine aerial images were collected within the
25.000-acre study site from June 25-28. 2006 under partly cloudy skies. Images were saved
first as RAW TIF images. then later converted to 8-bit TIF images for analysis. (Geographic

Information System (GIS) metadata for all photo stations is supplied as a digital supplement

to this report.)
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Figure 2. Map of the study area showing 100m image stations as black dots.
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SamplePoint

SamplePoint is an ARS developed software program that allows single-pixel point-sampling
of images (Booth et al. 2006b). Image files selected for analysis are brought up on the screen
in turn for the user to manually classify points on the image by clicking buttons for
characteristics identified by points. The number of points a user classifies per image is
adjustable from 15-250. The button categories (buttons) are also adjustable, allowing up to
30 user-defined categories. A user can zoom in and out on the single pixel from 1x to 50x.
When a user classifies a point by clicking the appropriate category button, that classification,
as well as the red, green and blue values from the pixel, are saved to an Excel spreadsheet.
Immediately, the next point is centered on the screen, and the user classifies that point, and
moves on until all points in the image have been classified. The user clicks to the next image
and continues through the data set. When all images have been classified, the user generates
a text file that lists the percent cover for each category for each image, as well as a text file
that lists the red, green and blue values for each pixel classified, along with the manual-

classification category.

Digital Image Primer

Digital images are made up of pixels, each with a unique color that is created by unique
combinations of red, green and blue (RGB) light within the pixel. Almost all digital cameras
create images that are comprised of red, green and blue light. This is called the RGB model,
and differs from printing press color composition which is achieved by combining various
amounts of cyan, magenta, yellow and black (CMYK). These RGB combinations are created
by digitally coding each of the three light wavelengths with specific values. For 8-bit images,
which are the most common type of color digital image and are the default type produced by
the Canon 1DS used for the remote sensing in this project, there are 256 possible values for
each color band. The reason they are called 8 bit images has its roots in basic computing. A
bit is the simplest binary code in computing. A bit is a single number, coded as eithera 1 ora
0. This is called binary code because there are only 2 options for each digit. Information is
stored through the unique sequences of 1’s and 0’s that can stretch on through trillions of
places. One bit has 2 options, or 2' possible values. Add another bit next to the first, and
there are now 4 possible unique codes, or 22, For example: 11, 10, 01, 00. Add a third bit and

that allows 16, or 2°, unique combinations. Stack 8 bits next to each other and you have 28,
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which allows 256 unique codes. Thus, there are 256 unique codes for each color band in an
8-bit image. Since an RGB image has three color bands, there are 256, or 16.8 million,
potential colors. In practice, the binary code is not displayed, but instead the Arabic numbers
from 0-255 are used to describe each color band, and always in the order R-G-B. Thus, an
RGB combination of 213-0-0 yields bright red, 200-0-189 yields a purple, and 200-200-200
yields gray. Incidentally, 8 bits make up a single byte, so having three bits coding each pixel
means that each pixel takes up three bytes of memory. Therefore, if you have an 11.1
megapixel image, like that produced by the Canon 1DS, and no image compression is used,
you would predict the image would take up 33.3 millions bytes, or 33.3 megabytes, and this
is exactly the case. Each Canon 1DS TIFF image is 33.3 megabytes.

Utilizing the RGB Code

VegMeasure, a software program created at Oregon State University, is designed to rapidly
apply binary classification to thousands of images in batch processes, and is considered an
ideal approach towards analyzing the large numbers of images possible through aerial remote
sensing of this kind (Johnson et al. 2003). VegMeasure works by applying algorithms, which
are simply operation instructions for the computer, to the RGB values of the pixels that make
up the digital image. The goal is to separate one group of pixels that have a unique color in
common, for example bare ground, from all other pixels that have different colors. Color is
the only separation criteria used by VegMeasure.

Consider this simple algorithm: R/(G+B) What happens when this algorithm is
applied to the colors in Table 1? The resulting values ranging from 0.3 to 5.8 serve to
distribute the unique 3-dimensional colors along a 1-dimensional axis, like squeezing a cube
into a single line, where they can then be separated by breaking that axis into two pieces:
Group A and Group B. This is binary classification. It is a two step process. First, one must
construct an algorithm that will affect a suitable distribution of values such that the color of
interest is at on one end or the other of the “line.” The example algorithm distributes red to
the top of the one-dimensional distribution, so one can break the line at around 3 and have all
red in one group, and all other colors in the other group. If colors of interest end up in the
middle of the distribution, you cannot use binary classification to separate them from other
colors because no matter where you break the axis, your colors of interest will always have

hitchhiking colors with them. The example algorithm would be useless for separating yellow
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from aii other colors. Similarly. since the entire operation 1s bascd o colos, 18

impossibie to separate red balis from red biocks in an image. even though the human eye

colors of interest end up in one group, and ail other colors end up 1n the other group. We call
this “breaking point” the threshoid. Since there is aimost aiways some overiap between
coiors in the one-dimensionai distribution. siight changes in the threshoid usuaily aiter the
amount of a particuiar coior one is going to detect. A threshoid of 5.7 separates out the
particuiar shade of red in Tabie i. but one can imagine a siightiy different shade of red that
wouid resuit in a vaiue of 3.6. and wouid be exciuded from the other shades of red. Deciding
where 10 set this threshoid requires a meticuious caiibration method in order to hoid

Binary

Color R G B Result  Separation
191 19 14 58 A
242 230 90 0.8 B
Bl s 37 133 o3 B
Bl 07 40 o053 B

Table 1. RGB values for the colors shown and the result of subjecting each
R. G. B combination (color value) to the algorithm, R/(G+B).

Building an Algorithm for Automated Image Analysis
The first step towards automated image analysis using VegMeasure is to select or create an
algorithm that will correctly separate bare ground from other classes, and then calibrate it for
this particular image set. VegMeasure has many pre-programmed algorithms, but also has the
capability to accept user-defined algorithms in the form of simple equations. In order to
assess the efficacy of both pre-programmed and user-defined algorithms, actual RGB values
for classes of interest must be known. SamplePoint records the RGB values for each pixel a
user classifies, and reports this information in a *.rgb file, which is essentially a comma-
delimited text file that reports the user-classification and associated RGB values for every
pixel classified.

For the NNSG data set. a 10% random subsample of images (n = 65) were selected
and analyzed with SamplePoint using 100 points/image and classifying each point as “bare

ground” or “other”. Resulting RGB value distributions for each group were examined for



trends that might assist in determining a suitable algorithm. Bare ground had an average
RGB value of 161-150-139 (n = 1183) while all other classes had an average RGB value of
86-87-71. This indicated that the sum of RGB was much higher for bare ground than for
other classes. In other words, this confirmed that bare ground was brighter than most other
classes. Secondly, bare ground had more red than green, which is opposite for other classes.
Ten preexisting algorithms were tested for their separation ability of bare ground from other
classes, and further trial and error was employed to tweak the most promising algorithm for
maximum separability. More precise information was extracted from examining the RGB
values from 15 “representative pixels” from the following classes: bare ground, cured grass,
perennial grass, sagebrush, rabbitbrush, bitterbrush, litter and rock (Table 2). This exercise
showed that only cured grass and bare ground had higher red band intensity than green. The
blue band is highly influenced by shadow because of the scattering of blue light in the
atmosphere, and so is not as reliable in conditions where shadows are common, as they are in
the current dataset. This exercise also showed that the sum of bare ground values was higher
than the sum of cured grass values. In other words, bare ground is brighter than cured grass.

These two factors went into making the algorithm that was ultimately used.

Class Red Green Blue
bare 217 208 194
cured grass 193 176 169
litter 108 128 110
sagebrush 84 101 48
rabbitbrush 95 106 67
bitterbrush 148 176 70
perennial grass 101 107 103
rock 191 197 197

Table 2. Mean RGB values from 15 “representative pixels” from each class.

15



The algorithm used for analysis was:
(R+G+B)+(1000*(R-G))/(R+G))

As mentioned, a successful algorithm distributes the product of the operation to one extreme
of a linear distribution. The goal was for bare ground to end up at the high end of the
distribution. Since the sum of bare ground values was, on average, higher than any other
class, simply adding the three color bands usually results in the highest value for bare ground
(R+G+B). This function comprised the first part of the algorithm. However, there are
frequently saturated, or nearly-saturated, pixels in sagebrush (for example RGB = 230-240-
220), and these were also picked up by a simple brightness algorithm. Since sagebrush pixels
have more green than red, and bare ground has more red than green, the operation (R-G)
yields a positive value for bare ground and a negative value for sagebrush, thus increasing the
product for bare ground while decreasing the product for classes where G>R (all vegetation,
litter and rock). However, this difference between R and G is often so small (for example,

10) that it has no effect against the large sum of the bands used in the first part of the
algorithm. Thus, a multiplier of the (R-G) function was used to give adequate weight to this
operation. A small multiplier, like 10, showed no substantial effect at separating saturated
sagebrush pixels from bare ground. However, since cured grass actually shows a higher R:G
ratio than bare ground, a multiplier that is too high, such as 10,000, actually gives a higher
overall algorithm product to cured grass. Thus, a balance between the brightness function and
the “pro-red” function within the algorithm was achieved in this case by inserting a multiplier
of 1000. This second portion of the algorithm had to be normalized for brightness, that is, the
effect of shadow had to be compensated for, by dividing the entire operation by the sum of
the R and G bands. This corrects for the common situation where the R:G ratio is the same,
but the absolute values are different owing to some bare ground being in shadow (For
example: sunlit bare ground = 192-163-94; shaded bare ground = 48-41-24). If an
uncorrected algorithm is used, it would give more weight to sunlit bare ground, but by
representing the R:G ratio as a fraction of the sum of the bands, equal weight is given to bare
ground no matter how much sunlight is hitting it. Because of the two largely independent
functions within the algorithm, it was called the “Bright Bare Ground” algorithm. All activity

associated with creating this algorithm required approximately 12 hours.
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Calibrating the Algorithm in VegMeasure
Once the algorithm was complete, the threshold for the actual binary separation had to be
determined. Within the VegMeasure program, a user is shown the image to classify and
selects the appropriate algorithm. The image is processed and a black and white image
appears next to the original image showing the binary classification. White pixels are those
that are in group A (their algorithm products were higher than the threshold) and black pixels
are those in group B. The exact amount and % of total pixels in each group is displayed
below the processed image. The user is free to manually adjust this threshold to any possible
value, with consequential changes in the sizes of group A and B. One can rely on visual
acuity to determine that all bare ground in the original image is correctly shown in white in
the processed image, but research has shown that the human visual acuity is not high enough
to accurately complete this task (Booth et al. 2005a). Thus, an external calibration is
required.

The SamplePoint data was used for calibration of VegMeasure. The threshold was
adjusted for each image until the % white readout on the screen matched the % bare ground
value determined by SamplePoint. The resulting threshold for each image was recorded for

all 65 images (0.159115). This operation required approximately 5 hours to complete.

Automated Image Analysis
Next, all 649 images were processed automatically using the Bright Bare Ground algorithm
at threshold of 0.1591135, requiring 94 minutes, or about 9 seconds/image. Every pixel of
every image was subjected to the algorithm, then the product was placed in group A (bare
ground) if it was greater than the threshold, and in Group B (not bare ground) if it was lower
than the threshold. Results were exported to a comma-delimited file and imported into Excel.
After image analysis was complete, the accuracy of the analysis was checked by
examining the agreement between the machine-classification and a human classification. In
other words, control points are assessed for accuracy of the classification. Twenty random
images were chosen from the data set, except that no image used for calibration was used for
accuracy assessment, and classified using SamplePoint into classes “Bare Ground” and
“Other”. Next, corresponding black and white processed images from the VegMeasure
classification were classified in SamplePoint using classes “white” and “black”. Since the

processed image is the same size as the original image, and since SamplePoint always uses



the same algorithm to place the systematic classification points, a direct paired-point
comparison is achieved. An omission error is a false-negative, or type I error, such as would
occur if VegMeasure classified a pixel as “other” when it was in fact bare ground. The
inverse of the omission error is called “producer’s accuracy” because the producer of the
classification is interested in how well a certain area can be classified (Congalton 1991). An
error of commission is a false-positive, such as when VegMeasure counts a pixel as bare
ground when it was not bare ground. Commission error for a particular class divided by all
classifications within that class is called “users accuracy”, or reliability, because it is literally
the probability that a pixel classified as bare ground is actually bare ground. Accuracy

assessment of the data required approximately 10 hours.
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Figure 5. SamplePoint is used to assess accuracy of the VegMeasure classification. The left screenshot shows a
point on the original image (sagebrush) while the right screenshot shows the same point from the VegMeasure
processed image where white pixels depict areas of bare ground. In this case, the VegMeasure classification was
correct.

RESULTS

“Bright BareGround” Algorithm Accuracy Assessment

VLSA bare ground analysis using VegMeasure was not very accurate. Bare ground omission
error rate was 53%, resulting in a Producer’s accuracy of only 47%. In practical terms this
means that if you look at the image and pick out a bare ground pixel, the chance of that pixel
being classified as bare ground is only 47%. Bare ground commission rate was 66%,
meaning that 66% of the check pixels classified as bare ground were in fact not bare ground.

The resulting user accuracy for bare ground was 33%. In other words, if you picked out a
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white pixel in the classified image, the chance of that pixel truly being bare ground was only
33%. Overall accuracy was 78%, but this was due to the large number of non-bare ground
points that were correctly identified as not being bare ground. Why was the classification so
poor? Cured grass with similar spectral properties to bare ground in the test area forced usage
of a particularly selective algorithm that ultimately proved too selective, as it failed to
recognize bare ground more often than not (53% of the time). However, even with this very
selective algorithm, cured grass was falsely classified as bare ground 66% of the time,
indicating that there is no room for making the algorithm less selective since it is already
allowing a large false-positive. When spectral properties of two classes overlap to such a
high degree, such as red balls and red blocks, additional features of the image, beyond the
color bands, must be used for classification using more sophisticated software programs such
as Feature Analyst, which incorporates texture into the classification logic. The bottom line is
that VegMeasure has no ability to correctly separate bare ground from cured grass since they
are essentially the same color. VegMeasure data for 100-m image classification is given in

Appendix B.

Manual Image Analysis

The human eye can often perceive what a computer cannot, and though VegMeasure could
not distinguish between bare ground and cured grass, the human eye has little trouble with
the operation because of its complex texture-recognition ability. SamplePoint allows manual
classification of imagery based on human decision-making. All 649 images were classified in
random order by two technicians over the course of 4 weeks, requiring approximately 120
hours (for both technicians) to complete. Each image was classified into 11 categories using
100 points/image. The categories were: low sagebrush, tall sagebrush, undetermined
sagebrush, shrubs other than sagebrush, forbs, perennial grass, annual grass, bare ground,
rock, litter and unknown, the latter including things like impenetrable shadow, or areas where
blur or complexity prohibited confident classification by the user. SamplePoint required
significantly more time for analysis than VegMeasure, but it also generated more data. A
previous study showed that while VegMeasure has a potential accuracy of 82%, SamplePoint
has a potential accuracy of 98%. However, error resulting from pixel mixing, which is
inherent in imaging methods, means a SamplePoint analysis of a digital image has a potential

accuracy of about 92% (Booth et al 2006b). Confidence by the users in the classification was
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high except in the case of low/tall sagebrush. The distinction was usually evident, but not
always. As a consequence, the confidence in the low and tall sagebrush categories is only
moderate, yet lumping them together into a single sagebrush class results in high user
confidence in the classification. SamplePoint classification data for 100-m images,
representing what appears to be the most accurate measurements of ground cover, is listed in

Appendix C.

Sample Size Effects

A question that arose in the planning discussion regarded the number of samples required for
meaningful analysis. Precision and statistical power are increased by greater sample size
while a more economical survey results from fewer samples. Is there a happy medium? To
answer this question, the focus must be on precision rather than accuracy since there is no
standard by which to compare gathered data. Bare ground, because of its importance as a
rangeland condition indicator, as well as its ubiquitous nature, was chosen as a test case for
the effect of sampling density (size) on the data set. A program was written in cooperation
with Robert Berryman Consulting (Boulder, CO) that calculated the Mean % Bare Ground
and 95% Confidence Intervals of sample subsets ranging from n = 6 to n = 649, randomly
chosen for each iteration from the full data set. A 95% confidence interval is the numerical
range in which the true population mean can be expected to reside 95% of the time. If the
confidence intervals of 2 means of equal variance do not overlap, we can conclude with 95%
confidence that the 2 samples represent populations that are not the same. Confidence
intervals generally shrink with larger samples of data, yielding greater precision in describing
the mean of any variable. In order to achieve very high precision, very large sample sizes are
typically required. The figure below shows the 95% confidence interval for samples sizes of
1 to 649 expressed as the number of acres each photo represents. Since the study area was
25,000 acres, a sample size of 6 = 6/25000 = 4,270 acres/photo and the maximum density of
n = 649 yields 40 acres/photo. With only 6 samples (4,270 acres/photos), the confidence
interval for bare ground is 20, meaning that if you were to measure bare ground using 6
samples the following year, there would be no difference in the means at the 95% confidence
level unless the actual bare ground had changed by more than 10% -- a very unlikely
scenario. Power is the ability of a statistical test to distinguish a difference between two

means. In the case of n = 6, the power of the statistic is very low. In order to detect a 10%
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