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Abstract:

In this study we examined whether image analysis could separate leafy spurge from other plant species
and objects by comparing the image analysis and ocular methods of estimating cover. Objectives were
to test image analysis and ocular leafy spurge cover estimates for repeatability and reliability,
determine error levels and sample sizes based on the image analysis and ocular cover estimates, and
relate the image analysis and ocular cover estimates to leafy spurge biomass. In 1993 and 1994, 1440
ocular leafy spurge cover estimates and 1440 color prints were taken at three sites. Two observers
ocularly determined cover from each print. A cover estimate was also determined for each print using
image analysis. The precision of the methods was tested by examining repeatability and reliability.
Error levels and sample sizes were also calculated for the ocular and image analysis methods. Image
analysis had the same repeatability as the ocular method (P = 0.57) and the image analysis estimates
were reliable, differing by less than 7% from the mean ocular cover values (P = 0.01). Image analysis
underestimated cover at high levels compared with the ocular estimates (P = 0.00). The average error
levels of the image analysis and ocular methods did not differ (P = 0.36). The average number of
quadrats required for image analysis to estimate cover with a 10% error was 50% lower than that of the
ocular method (P = 0.00). Neither the image analysis nor the ocular cover estimates were reliable
predictors of leafy spurge biomass. Image analysis was recommended as a measurement tool because
quantification is rapid, the equipment is inexpensive, and the color prints would provide a permanent
photo record of the study.
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ABSTRACT

In this study we examined whether image analysis could separate leafy spurge from
other plant species and objects by comparing the image analysis and ocular methods of
estimating cover. Objectives were to test image analysis and ocular leafy spurge cover
estimates for repeatability and reliability, determine error levels and sample sizes based on
the image analysis and ocular cover estimates, and relate the image analysis and ocular
cover estimates to leafy spurge biomass. In 1993 and 1994, 1440 ocular leafy spurge
cover estimates and 1440 color prints were taken at three sites. Two observers ocularly
determined cover from each print. A cover estimate was also determined for each print
using image analysis. The precision of the methods was tested by examining repeatability
and reliability. Error levels and sample sizes were also calculated for the ocular and image
analysis methods. Image analysis had the same repeatability as the ocular method
(P =0.57) and the image analysis estimates were reliable, differing by less than 7% from
the mean ocular cover values (P = 0.01). Image analysis underestimated cover at high
levels compared with the ocular estimates (P = 0.00). The average error levels of the
image analysis and ocular methods did not differ (P = 0.36). The average number of
quadrats required for image analysis to estimate cover with a 10% error was 50% lower
than that of the ocular method (P = 0.00). Neither the image analysis nor the ocular cover
estimates were reliable predictors of leafy spurge biomass. Image analysis was
recommended as a measurement tool because quantification is rapid, the equipment is
mexpensive, and the color prints would provide a permanent photo record of the study.




LITERATURE REVIEW
Introduction

In biological control of weed programs, researchers or land managers monitor the
establishment and effects of introduced weed attacking agents. The effects of these agents
on vegetation have been asse'ssed with several measures, each with inherent strengths and
weaknesses. Currently, researchers often assess these effects by ocularly estimating plant
canopy cover. While ocular plant canopy cover is useful to descﬁbe trends in vegetation
(Brown 1954), ocular cover estimates can be highly biased (Bonham 1989, Schultz et al.
1961). Image analysis may be a method to determine plant canopy cover with less bias

(Lindsey and Bassuk 1992, Tagliavini et al. 1993).

Vegetation Measurements Used in Biocontrol Studies

In early biological control programs researchers often used photographic
techniques to measure effects on vegetation (Rees 1978, Vogt et al. 1992). Photographs
are simple, rapid, inexp'ensive, and objective but difficult to quantify statistically (Bonham
1989, Pitt and échwab 1990). Problems with clarity and scale can reduce the value of

photographs as a vegetatidn measure (Owens et al. 1985).
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Density is an easily understood quantitative measure that researchers have used in
biological control prdgrams (Brosten and Sands 1986, Coombs et al. 1991). Although
density remains more constant from year to year than cover or biomass (Bonham 1989),
counting can be slow and distinguishing individual plants can be diﬁicul;c (Harper 1977,
Room 1985). Moreover, density does not provide information on a species' relative
influence in a community (Kok and Pienkowski 1985).

Determining age-class distributions is an extension of density which has been used
in biological control programs (McEvoy 1585, Pemberton and Turner 1990, Reynolds
1992). With this method, plant counts are sepa;rated into stages (i.e. seedling, rosette,
flowering). As biological control agents can affect plant architecture and hence
reproductive potential without affecting overall density, this technique may be more
sensitive than density alone (Room 1985).

Plant biomass has been used to evaluate the effects of biological control agents
(Harris 1991, Johnson et al. 1992, McEvoy 1985). While biomass is highly correlated with.
competitive ability (Gaudet aﬁd Keddy 1988, Harris 1989), the measures are tedious and
expensive and biomass may vary seasonally and yearly (Bonham 1989).

Plant cover measures have frequently been used to evaluate the effects of
biological control agents.on vegetation (Frank 1991, Quimby and Antognini 1992, Rees
1991, Reynolds 1992). Plant cover measures are obtained quickly and provide
quantitative data on a species' relative influence in a community (Daubenn/lire 1959).
Drawbacks include yearly and seasonal fluctuations in cover and the high bias associated

with visual estimates (Bonham 1989).
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Ocular Estimates of Plant Canopy Cover

Ocularly or visually estimating plant canopy cover is a technique commonly used
in biological control programs to assess effects of biological control agents on vegetation.
Researchers use this technique because ocular plant canopy cover measures are correlated
with phytomass and are easier to ’obtain than weight or density (West 1983). The quadrat
area method of estimating aerial plant canopy cover is currently the most frequently used
ocular cover method (Harris 1991, Johnson 1992, Rees 1991).

Brown (1954) described cover as the area covered by the vertical projection of
aboveground plant parts expressed in relation to the total ground surface, and indicated
that cover is the best criterion for ascertaining succession, trends following certain
practices or treatments, or other ecological changes. Daubenmire (1959) defined canopy
cover as the percentage of ground covered when a polygon drawn about the extremities of
the undisturbed canopy of each plant is projected upon the ground and all such projections
are summed. Daubenmire (1959) indicated that the canopy cover method, in addition to
being efficient, best meets the objectives of being able to evaluate a taxon's relative
mfluence in the commupity, compare plants of widely different life forms on the same
basis, and sample with sufficient accuracy so that successional trends can be evaluated.
Schlatterer (1983) related that canopy cover estimates are useful in ecological research
and ecosystem classification.

Cover can be estimated for the plant canopy or the plant base. Aerial or canopy

cover is the maximum leaf spread (Brown 1954) and is generally used to measure
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vegetative cover when the stem is smaller than the aerial spread or crown (Pieper 1978).
Canopy cover estimates are common in biological control of weeds studies because maﬁy
weeds are broadleaved, herbaceous perennials. Basal cover or the cover at ground level is
considered more reliable for tussock or bunchgrasses and is less subject to changes
resulting from animal use and short-term climatic variation (Brown 1954, West 1983).
Canopy cover is correlated with biomass and forage availability, while basal cover is
associated with density (West 1983). Variations exist in the method of estimating canopy
cover (Hutchings and Pace 1963). Some estimators consider aerial cover as the gross
crown spread regardless of any openings (Déubenmire 1959, Kinsinger et al. 1960)
whereas others adjust the measurement to account for foliar openings (Hutchings and
Pace 1963).

To monitor the effects of biological control ageﬁts on weeds, canopy cover is
most often estimated using the qﬁadrat area method rather than transects or points
(Brown 1954). The quadrat area method utilizes a small quadrat or framé that is viewed
from above. The proportion of ground covered by vegetation, rocks, ﬁﬁer, or any other
material is estimated (Hutchings and Pase 1963). The size, shape, and number of quadrats
depend on factors such as the degree of accuracy desired, vegetation type, funding, and
available labor ('t Mannetje 1978).

| Quadrats of various sizes have been used to measmé cover depending on the size
and diversity of the plant speciels present in the study area. In general, plants with high
biomass can be measured with fewer larger plots than vegetation with lower biomass

(Brown 1954). However, in diverse plant communities, the use of smaller but more
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numerous quadrats may detect more species (Daubenmire 1959). Daubenmire (1959)
recommended a 0.1 m* quadrat for vegetation up to one meter in height, rather thén the
larger quadrats pfeviously used. He claimed that at quadrat sizes larger than 0.1 m® the
eyes are required to move more and memory becomes involved, increasing the error. At
smaller quadrat sizes the numbers required for an adequate sample increase rapidly. While
research has been published on the effects of quadrat size on frequency and biomass, few
experiments have tested effects of quadrat size on cover (Mitchell et al. 1988).

Quadrat shapes include square, rectangular, and circular. Many sampling errors
arise from edge effects due to problems with defining boundaries and disturbing vegetation
('t Mannetje 1978). To feduce edge effects, the quadrat perimeter should be as small as
possible in relation to the area of the sampling unit. The perimeter to area ratio is smallest
for a circle and some researchers have recommended circular quadrats (Van Dyne et al.
1963). However, circular quadrats can be difficult to place anywhere other than in low
vegetation, such as short grasslands (Brown 1954, t' Mannetje 1978). In taller vegetation,
it is more practical to use an open-ended square or rectangle. Researchershave long
recognized that rectangular quadiats represent the variation in a stand better than squares
(Oosting 1956) and favor rectangular quadrats on statistical grounds (t' Mannetje 1978).
Daubenmire (195¥ 9) recommended rectangular quadrats with inside dimensions of
20 by 50 cm.

The number of quadrats to use for an accurate estimate varies and depends on
vegetation typé. Daubenmire (1959) recommended using at least 20, but preferably 40,

0.1 m? quadrats to sample a large percentage of the taxon with sufficient accuracy.
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Greig-Smith (1964) presented a method to determine the optimal number of sampling
units. The mean of the variable being estimatedv is plotted against the nﬁmber of quadrats.
The flux of the mean values will decline as number of quadrats increase. The final
number of quadrats used is generally a compromise between accuracy, practicality, and
cost (t' Mannetje 1978).
With the quadrat area method, a researcher can estimate the proportion of the plot
covered by each species directly as a percentage or can use cover classes where each
_observation is recorded as equal to the midpoint of the class in which it falls (Mitchell et
al. 1988). Daubenmire (1959) recommended using six cover classes (0 to 5, 5 to 25, 25 to
50, 50 to 75, 75 to 95, and 95 to 100%), believing that with cover classes defined so
broadly there should be little chance for consistent human error. However, Mitchell et al.
(1988) found that when macroplots were sampled, the Daubenmire cover class
observations overestimated cover when the canopy was relatively open and
underestimated cover when the canopy was more dense. The investigators determined
that these errors were not due solely to plot size. The ranges of the cover classes and the
sample size also affected the results. Mitchell et al. (1988) found that the sensitivity of the
cover class method to detect changes in vegetative cover depended on cover class widths.
The greatest potential for error existed when the cover classes h‘ad unequal widths.
The accuracy of the canopy cover estimates using the quadraf area method is
affected by the method used to determine cover and by the size, shape, and number of
quadrats studied. However, another source of error is introduced when canopy cover is

estimated ocularly. Schultz et al. (1961) used an artificial population board to compare '
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ocular, line intercept, line point, and loop methods of estimating cover. Ocular estimation
had the highest bias of the methods tested, overestimating. cover by one-third more than
the true value. Despite the higher bias, ocular estimates of percent cover are the most
often used quadrat method (Bonham 1989).

Researchers have long recognized that the accuracy and precision of ocular
estimates depend on the subjectivity of the individual estimator (Fisser and Van Dyne
1966, Smith 1944). An accurate technique would estimate a true population parameter,
while a precise technique gives repeatable results (Bonham 1989). Significant bias can
exist between estimators, days, vegeta;cion types, and between the same estimator during a
single sampling period (Smith 1944, Hutchings and Pase 1963). While there are
individuals who are able to estimate cover with a high degree of accuracy, most estimators
lack accuracy and precision ('t Mannetje 1978). Schultz et al. (1961) used inexperienced
high-school students and experienced estimators on an artificial population board to
demonstrate that the amount of bias does not seem to decrease with experience. This
constant bias may result‘from the inability of the estimators to c;ompa,re their ocular
estimates against accurate measures ('t Mannetje 1978, Schultz et al. 1961). Other

_researchers have reported that bias decreases when double sampling is used, where ocular
estimates are coupled with checks against actual yields (Campbell and Armold 1973,
Pechanec and Pickford 1937). .However, double sampling is time consuming and costly
and does not eliminate bias.

‘ Clearly, the ocular method of estimating planjc_ canopy cover can be inaccurate and

imprecise. 't Mannetje (1978) described cover as entirely subjective and lacking in
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repeatability. Kinsinger et al. (1960) stated that no accurate method of measuring plant
cover has been devised. As a result, there exists a need for a rapid, accurate, and easy to

use method of measuring plant cover. Tmage analysis may be able to address this need.

Image Analysis of Plant Canopy Cover

Image analysis is an electronic technique in which a video image is digitized or
numerically converted to permit computer analysis. In black and white image analysis,
specific picture elements of the video image (pixels) are sequentially isolated using a grid
scanning pattern. Each pixel is assigned a data quantization level, termed a grey level.
An operator specifies a subset of grey levelé which correspond to the objects targeted for
classification and the computer quantifies the proportional area occupied by the pixels
within the subset (Gerten and Wiese 1987). Image analysis is based on the assumption
that the target objects being classified have sufficiently different reflectance coefficients.
than the nontarget objects within the video image, and that the digitizing hardware and
software can make the distinction (Meyer et al. 1988, Shelton et al. 1988). The
fundamental purpose of image analysis is to digitize, store, and process an image to
extract information about a specific response (Stutte 1990).

The first step in image analysis is to generate a photographic or electronic image ‘
(Grotta and Grottal992). Most researchers generate the video images using film based
cameras because these cameras are inexpensive and have high overall image quality. All
photographs and most videos are composed of analog‘ data co’nsisting‘ of continuously

variable light, color, and contrast signals. Since computefs are digital devices, the analog
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images must be converted into digital data consisting of numerical signals (zeros and
ones). The two types of devices used to convert analog to digital images are scanners and
frame grabbers. A digital image typically consists of 512 by 512 pixels, each assigned a

~ grey level between 0 and 255 (256 levels total). The digital image is then fed into a
computer. Ifnecessary, the image can be enhanced at this point. Numérous enhancement
algorithms exist which range from simple contrast optimizing, smoothing, or sharpening
and edge detection to more complicated, such as arithmetic and logical operators
(Lennard 1990).

The second step in image analysis is to segment the image. In this step the objects
of interest are separated from the background. The simplest way to segment an image is
to define a threshold of grey values which best correspond to the objects of interest. .
Pixels with grey levels within the threshold are classified ;'nto one group while pixels
outside the threshold are classified into another (Tillett 1991). When a threshold is
defined, a new image is created on the monitor so that comparisons can immediately be
made with the original image (Lindsey and Bassuk 1992). The new image is binary with
all the pixels in the threshold appearing white and all the pixels outside the threshold
appearing black. The white pixels are the objects which have been selected for further
processing. As the actual greyness levels of the objects are not needed, subsequent -
processing is done on the binary image (Tucker et al. 1992).

The final step in image analysis is to quantify the objects of interest. An opeﬁitor
can count objects or measure variables such as area, length, slope, angle, intensity,

perimeter, or x-y coordinates (Rundel 1992). In the future, the fields of artificial
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intelligence and expert Systems may enable this step to include image understanding and
interpretation (Tillett 1991).

Recent advances in computer hardware and software are eliminating the barriers to
use of image analysis. Image analysis previously required a mainframe or at least a
minicomputer, a resident programmer, and expensive and cumbersome software packages
(Lennard 1990, Grotta and Grotta 1992). Inexpensive image analysis software is now
available for ]éersonal computer; and does not require a resident programmer. Experts
predict that image analysis programs will continue to become easier to use and less
expensive (Grotta and Grotta 1992). The equipment needed for image analysis currently
includes a frame grabber board or scanner, a computer, and software,

Frame grabbers and scanners convert analog to digital images. Frame grabbers fit
inside the computer and range in price from $200 to $2,500 (Grotta and Grotta 1992,
Krumenaker 1994). Scanners vary in size, shape, and sophistication and range in price
from $150 to $15,000 (Grotta and Grotta 1992). Recently, filmless electronic cameras
have been developed which directly transmit digifal signals. The image is stored on a
computer disk rather than on film. Since these cameras do not require film develbping
with silver-based emulsions, filmless cameras are environmentally friendly. These cameras
currently range in price from $200 to over $20,000 (Grotta and Grotta 1992, Krumenaker
1994). Eventually filmless cameras may supersede film-based cameras and a scanner or
frame grabber would no longer be needed.

The computer must be at least a 386-level Macintosh or IBM-PC compatible

system with eight megabytes of random access memory, a 24 or 32 bit graphics board,
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a monitor, and ten megabytes of free disk space (Grotta and Grotta 1992, Anonymous
1994). Image analysis software packages range in price from $295 to tens of thousands of
dollars. Most packages sell for several thousand dollars (Krumenaker 1994, Meisel and
Recchia 1988).

Use of image analysis in agriculture and biology has increased since the 1970s with
advances in image analysis hardware and software. Sader and Winne (1991) foqnd that
31 of 44 survey;ed forestry departments at United States universities operated at least one
image analysis program in 1988. Image analysis has been used in plant science to quantify
plant disease symptoms, measure spray droplet sizes on a crop canopy, determine plant
organ areas in physiological and morphological studies, measure root lengths and widths,
grade produce, and classify and quantify vegetation and soil (Yanuka and Elrick 1985,
Stutte 1990, Tagliavini et al. 1993). The following studies highlight some of the uses of
image analysis in the plant sciences and detail methods used to compare image analysis
measures with measures obtained conventionally.

Many reéearchers have compared image analysis with conventional measures by
correlating or regressing image analysis measures with conventional measures. Yanuka
and Flrick (1985) measured root lengths and widths with image analysis and with
conventional methods and linearly correlated these measures. The correlation between the
conventional root length measures and the image analysis measures had an r-value of 0.99.
The root width correlation had r-values of 0.90 and 0.95 depending on the size of the
pixels selected in the image analysis program. Tagliavini et al. (1993) measured peach

[Prunus persica (L.) Batsch.] root surface areas and diameters conventionally and with
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image analysis. The researchers used correlation to compare the conventional measures
with the surface area measures determined by image analysis. The measures were highly
correlated with an r-value of 0.95. Image analysis root diameters were in close accord
with calculated diameters and the image analysis method had a smaller coefficient of
variation.

The precision of image analysis measures has been examined in several studies.
McMillan and Schwartz (1993) used image analyéis to quantify bean (Phaseolus vulgaris
L.) leaf damage due to a pathogen. The researchers demonstrated the reproducibility of
the imgge analysis measures by repeating the measures many times for each leaf but did
not perform any statistical analyses on the repeated measures. In another study, Nutter et
al. (1993) quantified the precision of image analysis and visual estimates of percent disease
severity of dollarspot (Sclerotinia homoeocarpa F. T. Bennett) on bentgrass (4Agrostis
palustris Huds.). Four raters quantified percent disease severity visually from color slides
of one m’ quadrats by dividing the diseased area of the quadrat by the total quadrat area.
Another rater quantified percent disease severity from the slides using image analysis. All
five raters quantified each slide twice on different days. Precision was defined as the
relative measure of the repeatability and reliability of the estimates. The researchers
determined repeatability among raters by regreésing the first and second estimates of
each observer. The linear regression R*value on the first and second image analysis
estimates was 0.63. The R’-values of the first and second visual estimates ranged from
0.80 to 0.93. The reliability of the visual measures was determined by examining the

between-rater agreement of the measures using linear regressions. The R*-values varied
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from 0.77 to 0.89, although numerous disagreements existéd. For example, rater one
consistently overestimated percent disease compared with the other raters. Slopes,
y-intercepts, and coefficients of variation were used to further compare repeatability
among raters and reliability between raters..

Some studies have discussed the time required to perform image analysis.
McMillan and Schwartz (1993) initially spent a high amount of time acquiring images of
bean leaves and performing image analysis on the images. However, after developing a
routine, the researchers could obtaiﬁ and analyze an imagé in 20 to 30 seconds. Thomas
et al. (1988) found that it took 52 seconds on average to visually inspect a slide and 104
seconds for image analysis. The time required t(.)ﬂvisually iﬁspect a slide increased as
percent cover increased but remained relatively constant for image ananlysis. Thomas et al.
(1988) also noted that visually inspected data are generally recorded on paper while image
analysis data are recorded on computer. Additional processing time would be needed to
enter the visual data onto a computer.

The ability of image analysis to separate and identify objects has been examined.
Ruark and Bockheim (1988) tried to use image analysis to separate aspen (Populus
tremuloides Michx.) tree roots from other objects. The researchers first sprayed the area
with Rhodamine WT dye which is preferentially absorbed by roots and obtained area
images using color infrared film. Image analysis could separate roots from soil and rocks
98 to 100% of'the time. Occasionally, protruding aﬁgles of stones reflected light similarly
to the roots. The stones were visually evident on the monitor and the researchers were

able to edit the stones from the selected threshold. However, image analysis was unable

L
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to separate aspen roots from roots of other species. Guyer et al. (1986) used imag‘e
analysis to determine if differences in numbers and shapes of leaves could be used to
identify individual species. By measuring the ratio of the square pe‘rixﬁeter to the area of a
leaf, the researchers could use image analysis to identify comn (Zea mays L.), soybean
(Glycine max L.), tomato (Lycopersicon esculentum Mill.), Jimsonweed (Datura
stramonium L.), velvetleaf (4butilon threophrasti Medic.), and lambsquarters
(Chenopodium album L.). The grass species, giant foxtail (‘Setarz'a Jaberi Herrm.) and
Johnsongrass [Sorghum halepense (L.) Pers.], were difficult to differentiate. Image
analysis could separate these grasses using additional parameters. Guyer et al. (1986)
concluded that the potential exists for image analysis to separate individual plant species.

Some researchers have compared film types used in image analysis. Gerten and
Wiese (1987) used image analysis to measure lodging in winter wheat (Triticum aestivum
L. em. Tell.) from true color and color infrared photos. The true color and color infrared
photos were equally straightforward to interpret and both resulted in reasonably accurate
image analysis estimates when compared with manually prepared photo interpretations.
Image analysis of the photos underestimated lodging by only 4.35 to 7.5%. Gerten and
Wiese (1987) speculated that a camera equipped with shading compensators may have
improved the image analysis measures. Meyer and Davison (1987) obtained black and
white and color infrared photos of individual leaves and of quadrats in the field. Image
analysis of the black and white photos could not alwa}‘/s disﬁnguish between vegetation
and soil. Tmage analysis of the color infrared photos separated vegetation and soil more

often but infrared film is more expensive and has stricter handling requirements.
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Meyer et al. (1988) and Shelton et al. (1988) compared the ability of black and
white and color image analysis programs to estimate percent soybean residue cover.
Color slides were shot of 0.76 by 1.20 m quadrats using a tripod-mounted camera one
meter above the soil surface. The researchers shaded the quadrats from direct sunlight
and used a flash for uniform lighting conditions. The image analysis cover estimates were
compared using linear regression analysis with cover estimates obtained using the
conventional photographic grid method. The R*values were 0.92 for color image analysis
and 0.75 for black and white image analysis. Color imagé analysis separated residue from
background objects more reliably than black and white image analysis.

Image analysis has been used to determine canopy cover in several other studies.
Thomas et al. (1988) used image analysis of color slides to measure percent canopy cover
of rapeseed (Brassica napus L.). To determine accuracy, the researchérs compared image
analysis and visual estimates of the canopy cover with cover measures obtained using a
leaf area meter. The image analysis estimates were in close agreement with the leaf area
meter measures. The visual estimates were higher than the leaf area meter measures but

.had a lower coefficient of variation than the image analysis measures. Thomas et al.
(1988) determined that image analysis estimated average canopy cover more accurately
than the visual method but that image analysis was léss accurate at estimating canopy
cover in individual photos. Meyer and Davison (1987) used image analysis to determine
leaf area of soybean, sunflower (Helianthus annuus L.), and velvetleaf and to measure
canopy closure from overhead photos. Image analysis of the leaf areas was compared

with leaf area measures from the electrical optical method using linear regression analysis.
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The R*values were 0.995 for soybean and 0.993 for sunflower and velvetleaf. While
image analysis showed promise for measuring leaf area in the field, uneven‘ lighting
conditions produced shadows which were difficult to distinguish from the leaves. Plant
canopies with more uniform lighting conditions were easier to measure.

Stone et al. (1988) compared the precision of image analysis and the photogfaphic
grid method of measuring érop cover. Seven observers estimated cover on 15 false color
infrared photos three times using each of the two methods. A variance componént model
was used to estimate the reproducibility of the two methods. Stone et al. (1988)
determined that the precision of the image analysis and grid methods at determining cover
were the same and the metimds had similar total variance.

In one study the percent cover data was transformed to logits to give normally
distributed residuals and equal variances. Stone et al. (1988) used image analysis to
measure percent ground cover of lettuce (Lactuca sativa L.), carrots (Daucus carota L.),
and onions (Allium cepa L.) and compared these measures with photographic grid
measures of cover. The researcﬁers converted the percent data to logits then used
functional regression analysis to compare the measures from the two methocis. Ordinary
linear regression was not appropriate as it requires the independent variable, which in this
study was the grid measures, to be known without error. In functional regression, the
model is still assumed to be y=a-+bx but both variables are subject to error and the ratio of
their variances is used to estimate the coefficients a and b. Stone et al. (1988) determined
that the accuracy of the image analysis method was dependent on the operafor selecting

the optimum threshold. The image analysis program had trouble discriminating between
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foliage in deep shadow and soil. Use of a flash during iﬁ]age acquisition may "have
reduced this error. Individual judgement was the largest error source in the grid method.
Molloy and Moran (1991) examined error levels for the imaée analysis and
photographic grid methods of measuring crop residue cover using a random process
model. Error for the photographic grid method was 27 times as high on average as error
for tﬁe image analysis method. Molloy and Moran (199 1)‘ also generated a sampling rate
graph for the number of one m* quadrats required to obtain errors of 5, 10, and 15% at the
95% significance level for different ranges of crop cover (Table 1).
Table 1. Number of one m* quadrats needed to achieve error levels of 5, 10, ‘énd 15% at

the 95% significance level for different ranges of crop cover measured by image analysis.
Adapted from Molloy and Moran (1991).

Error level
Cover 5% 10% 15%
7
0-20 , 2-7 2-5 24
20-40 - 7-19 5-7 4-6
40-60 7-12 | 6-7
60-80 12-19 7-10

80-100 19-28 10-14
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Few studies have examined the ability of image analysis to determine plant
biomass. Ernst and Kuhn (1989) used image analysis to determine leaf area of Benjamin
fig (Ficus benjamina L.) from infrared images. The researchers then examined the
relationship between leaf area estimates from image analysis and plant mass based on the
principle that the number of pixels attributed to leaves should correlate with plant mass.
The correlation coefficient (r) between conventionally obtained leaf area measures and
image analysis leaf area estimates was 0.90. However, the image analysis leaf area
measures and plant mass were not linearly correlated. An exponential model was more
appropriate and produced an r-value of 0.989. Stone et al. (1984) reported a logarithmic
relationship between crop cover and crop dry weight. "Sydnor et al. (19A75) developed a
quadratic linear model reiating photographic plant volume to fresh and dry weights but did
not try to relate cover to biomass.

A single model to relate cover and biomass for all plant species may not exist.
Bonham (1989) stated that while cover has a degree of correlation with biomass,
equations must be developed for each individual species. These equations are generally of .
the form y=a+b/f{x)] where y is the biomass estimate, « is a constant, b is the slope of the
line, and f{x) is some function of the measured species’ cover. The function can be
logarithmic or othe’rwise. Roebertsen et al. (1988) stated that before image analysis can
be used to measure biomass, the image analysis values have to be calibrated with biomass
measures for the vegetation type. Afier calibration, only pictures are needed to quantify

changes in biomass during a growing season.
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Reflectance and Image Analysis of Leafy Spurge

Images with high reflectance contrast between targét objects an& the background
are ideal for image analysis. Studies show reflectance of individual plant species generally
differ from those of other species and soil. Plants typically have low reflectance in the
visible spectral region (400 to 700 nm) because of strong absorpti(;n by chlorophylls and
other pigments and relatively high reflectance in the near infrared region (700 to 1300 nm)
because of internal scattering due to cellular structure (Guyer et al. 1986). Knipling
(1970) studied the reflectance properties of plant leaves and canopies. Leaves of each
‘plant species tend to have a characteristic reflectance signature because of surface,
thickness, internal structure, and pigment content. The reflectance of a plant canopy is
similar to that of a single leaf but is generally lower because of the attenuation and non-
uniformity of the solar radiation due to plant structures, leaf orientations, shadows, and
background surface reflectivity. Like leaves, the canopy of each species tends to have a
characteristic reflectance due to its unique structure or geometry which is determined by
the size, shape, and orientation of the plants. Han and Hayes (1990) used image analysis
to separate crop canopy cover from soil and found that the canopy had its highest
reflectance at 550 nm whereas soil had its highest reflectance at 700 nm and higher.

Everitt et al. (1994) examined the reflectance properties of léafy spurge and the
ability of image analysis to separate leafy spurge from other objects in a prelimmary study.

The researchers showed thgt léafy spurge had significantly different reflectance values in
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the visible regions than associated vegetation and soil. This resulted in different digital
values during image analysis of color and infrared aerial photos.

These studies indicate that ‘image analysis may be a viable method to determine
leafy spurge cover from color prints of field quadrats. A model to relate leafy spurge
canopy cover as measured wﬁh image analysis with leafy spurge biomass may be abie to
be developed. Since stress can result in reduced total leaf area of a plant commumnity
(Knipling 1970), image analysis might provide a method to analyze the effects of

biocontrol agents on leafy spurge with less bias than the ocular cover method.
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IMAGE ANALYSIS OF LEAFY SPURGE COVER
' Introduction

In biologicai control of weed programs, researchers or land managers monitor the
establishment and effects of introduced weed attacking agents. The effects of these agents
on vegetation have been assessed with several measures, each with inherent strengths and
weaknesses. Currently reseérchers often assess these effects by ocularly estimating plant
canopy cover. While ocular plant canopy cover can be useful to describe trends in
vegetation (Brown 1954), the accuracy and precision of ocular cover estimateé depend on
the subjectivity of the estimator (Fisser and Van Dyne 1966, Smith 1944). Significant 1t_)ias
can occur between different estimators and between the same estimator during a single
sampling period (Bonham 1989, Hutchings and Pase 1963). Image analysis may able to
determine the effects of biological control agents on plant canopy cover with more
precision than the ocular cover method.

Image analysis is an electronic technique in which a video image is digitized or
‘ numerically converted to permit computer analysis. In black and white image apalysis,
specific picture elements of the video image (pixels) are sequentially iso}ated using a grid
scanning pattern. Each pixel is assigned a data quantization level, termed a grey level. An

operator specifies a subset of grey levels which correspond to the objects targeted for
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classification and the computer quantifies the proportional area occupied by the pixels
within the subset (Gerten and Wiese 1987). Image analysis is based on the assumption
that the target objects being classified have sufficiently different reflectance coefficients
than the nontarget objects within the video image, and that the digitizing hardware and
software can make the distinction (Meyer et al. 1988, Shelton et al. 1988). The
findamental purpose of image analysis is to digitize, store, and process an image to
extract information about a specific response (Stutte 1990). Imagg analysis has been use/d
in the plant sciences to quantify plant disease symptoms, measure spray droplet sizes on a
crop canopy, determine plant organ areas, measure root lengths and widths, grade
produce, and classify vegetation and soil (Stutte 1990, Tagliavini et al. 1993, Yanuka and
Elrick 1985).

| Our study examined the ability of black and white image analysis to separate leafy
spurge from other plant species and background objects by comparing the image analysis
method of estimating lef;lfy spurge cover with the ocular method. Specific objectives
~ were to: a) test image analysis cover estimates and ocular estimates made l-)y four
observers for repeatability; b) examine the similarity between image analysis cover
estimates and ocular estimates made by three observers; ¢) deterimine error le;/els and
sample sizes based on the image analysis and ocular cover estimates made by three

‘observers; and d) relate the image analysis and ocular cover estimates made by three

observers to leafy spurge biomass.
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Materials and Methods

Study Areas

Study areas were in Fergus Count-y, Montana; Valley county, Montana; and Custer
County, Idaho. The Fergus County site was in the unglaciated plains. The climate is dry
sub-humid with an average annual precipitation (;f 37.5t0 47.5 cm. Leafy spurge
dominated the site with numerous grass and forb species and some shrubs (Appendix A,
Table A-1). The Valley County site WaS‘ill the glaciated plains with a semi-arid climate
and average annual precipitation of 25 to 35 cm. Vegetation consisted of leafy spurge and
grasses with some forbs and shrubs (Appendix A, Table A-2). The Custer County site
‘was in the northern cold desert. The climate is semi-arid with an average annual
precipitation of 20 to 25 cm. Vegetation was mainly leafy spurge, grasses, and sagebrush

with other shrubs and forbs also present (Appendix A, Table A-3).

Plot Design

Six plots were established at each site (18 plots total). Plots were circular with
44 m diameters and minimum distances of 0.8 km between plots. Transects radiated from
the center in five directions: north, south, east, west, and northwest. Ten sampling loci
were marked along each transect using wooden stakes. The sampling loci begén 8 m from
the center point and Continue;i every 4 m for 10 stakes. The 40 north, south, east, and
-west sampling loci in each plot (720 total for all plots) were used to collect image analysis
and ocular leafy spurge cover data. The 10 northwest sampling loci in each plot (180 total

for all plots) were used to collect biomass, image analysis cover, and ocular cover data.
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Ocular and Image Analysis Cover Comparisons

Ocular Cover Estimates In the summers of 1993 and 1994, three observers
ocularly estimated leafy spurge cover either in the field or from color prints taken at the
720 north, south, east, and west sampling loci (1440 total for both years). The three
observers estimated non-overlapping leafy spurge cover within 0.1 m2 Daubenmire frames
(inside dimensions of 20 by 50 cm) mounted on 30 cm legs for ease ofplacement in tall
vegetation. Leafy spurge cover was recorded to the nearest 5%.

Two ofthe three observers (Observers | and 2) estimated leafy spurge cover from
color prints taken of Daubenmire frames at the sampling loci. The camera was a 35 mm
single lens reflex (Olympus OM-1) equipped with a 35 to 70 mm lens and was mounted
one meter above ground level (Figure 1). The photos were taken using Kodak Gold 200

film with f-stops adjusted for prevailing natural fight conditions.

Figure 1. Daubenmire frame and mounted 35 mm camera used to generate color prints.
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The third observer (Observer 3) ocularly estimated leafy spurge cover in the field
at the 720 north, south, east, and west sampling loci. In 1993, the ocular field estimates
made by Observer 3 were taken up to five weeks earlier than the color photos. In 1994,

the ocular field estimates and color photos were taken concurrently.

Image Analysis Cover Estimates Leafy spurge cover was also estimated from the
1440 color prints using black and white image analysis. Image analysis was conducted on
a Compudyne IBM compatible 486 personal computer equipped with a PCVISIONplusm
frame grabber board and Java™ image analysis software (Jandel Scientﬁc 1993). The
original print was transferred to the system using a COHU video camera and displayed on
a separate video monitor (Figure 2).

The frame grabber board divided the digital image into 512 by 480 pixels. Each
pixel corresponded to a particular (x, y) coordinate of the image and was automatically
assigned a brightness or grey level in the; range 0 to 255 (8 bits). Only the pixels within
the Daubenmire frame were selected for image analysis. The selected pixels were
segmented using a threshold of grey values. An operator (Observer 2) selected the grey
value range that corresponded to leafy spurge in the image. The image was then
transformed into a binary one where all pixels in the selected threshold were white and all
pixels outside the threshold were black. The binary image was compared with the original
print and, if the images were not similar, tﬂe operator selected a different threshold until
there was close agreement (Figure 3). Leafy spurge cover was estimated by determining

the percentage of white pixels.




26

Figure 2. The image analysis system consisting of a video camera, image display screen,
computer containing the electronics for receiving the image, terminal, and software.
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Figure 3. Binary image where pixels with grey values that correspond to leafy spurge
appear white and remaining pixels appear black with original print in lower right comer
for comparison.

Precision Precision was defined as the relative measure ofthe repeatability and
reliability ofthe estimates. To compare the repeatability ofthe ocular and image analysis
cover estimates, 10 ofthe 1993 prints were selected which varied in cover from 0 to
100%. Four independent observers (Observers | to 4) ocularly estimated leafy spurge
cover 10 times for each print on different days. Leafy spurge cover was also estimated 10
times for each print using image analysis. The variable used to compare repeatability was
the mean standard deviation ofthe ten estimates for each ofthe ten prints. Because the
standard deviations were normally distributed (all P > 0.11) according to the Shapiro-Wilk

test (SAS Institiute, Inc. 1987) and the variances were homogeneous (P > 0.05) according
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to the Bartlett test (Neter and Wasserman 1974), the data were analyzed using analysis of
variance (SAS Institute, Inc. 1987). The mean variances and Tukey groupings are
reported for the four estimators and image analysis. |

Reliability referred to the agreement between the image analysis and ocular cover
estimates. To test reliability, the 1993 and 1994 image analysis and ocular cover estimates
were compared using measures of correlation and Kruskal-Wallis tests (SAS Institute,
Inc. 1987). Kruskal-Wallis tests were used becausé the data were not normally
distributed, did not have homd geneous variances, and were not improx)éd by arcsin
transformation. To show the patterns of the data, graphs of the image analysis estimates
plotted against the ocular estimates made by the three observers are presented for both
years combined. Correlation coefficients are reported for the measures of correlation.
For the Kruskal-Wallis tests, mean cover values and nonpﬁmetﬂc groupings are
reported. The groupings were calculated using a nonparametric multiple pomparisons
equation (Daniel 1990). Results are reported for all the sampling ioci together and for the
sampling loci at each site each year.

Reliability was fuither tested by examining the agreement of the image analysis and
ocular estimates at low, medium, and high cover levels to determine if image analysis |
tended to over or underestimate cover at different cover levels. The image analysis and
ocular cover estimates fpr a single sample locus were divided into cover level groups
depending on the mean of the three ocular cover estimates. If the mean of the three ocular
cover estimates was <30%, the image analysis and three ocular cover estimates from this

sampling locus were placed in the low cover group. Ifthe mean of the three ocular cover
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estimates was in the range of 30% to less than 70%, the estimates from this sampling locus
were placed in the medium cover group. Similarly, if the mean of the threé ocular cover | i
estimates was 70% or greater, the estimates were placed in the high cover group. The

data within each cover level group were then compared using a Kruskal-Wallis test (SAS

Institute, Inc. 1987). Mean cover values and nonparametric groupings (Daniel 1990) are

reported.

Error I evel and Sample Size The error levels of the three ocular estimates and the

image analysis estimates were determined for each of the 18 plots by year using the -
equation: E = s/( x/n ) where E = error level, s = standard error of the mean, x = sample
mean, and » = number of quadrats. In this study, the number of quadrats was 40. The
number of quadrats per plot required to estimate leafy spurge cover with a 10% error level |
at a 95% confidence level was calculated using the equation: n = ( £s’)/E? where

n = number of ql_ladrats, = 2.022 (the two-tailed Student’s t-value for 39 degrees of
freedom), s = standard error of the mean, and £ = 0.10 error level (Molloy and Moran
1991, Pieper 1978). High, low, and average error levels and sainple sizes are reported

along with the Tukey groupings.

Ocular Cover, Image Analysis Cover, and Biomass Comparisons

Biomass and Cover Estimates In 1994, biomass data was collected at the 10 ‘ oo |
northwest sampling loci in each plot (180 total). At each locus, the leafy spurge within a
Daubenmire frame was clipped, placed in brown paper bags, air dried at 35 C for three

weeks, and weighed to obtain biomass data. For comparison, prior to clipping,
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Observer 3 ocularly estimated the leafy spurge cover and a color photo was taken of the
Daubenmire frame at each sampling locus. Observers 1 and 2 ocularly determined leafy
spurge cover from each print. Leafy spurge cover was also determined for each print

using image analysis.

Biomass Models The leafy spurge ocular cover estimates obtained by the three
observers, the imag? analysis estimates, and the biomass estimates collected from the
northwest transects were measured for correlation (SAS Institute, Inc 1987). Linear
models were then developed using regression analysis (SAS Institute, Inc. 1987) to relate
biomass to leafy spurge cover as estimated by each observer and by image analysis. | The
correlation coefficients are reported. Graphs show the relationships between the leafy
spurge cover estimates and biomass. Linear equz;tions, coefficients of determination (R?),

and P-values are reported on the graphs.
Results and Discussion

Precision

Repeatability The comparison of the mean standard deviations from the image
analysis method ‘and the ocular method of estimating cover ten times from the ten color
prints indicates that image analysis is as repeatable as the ocular method at estimating leafy
spurge cover. While there were no statistical differences in mean standard deviatioﬁs
between image analysis and any of the four ocular e@ators (P =0.5747), image analysis

had a lower mean standard deviation than three of the four observers (Table 2).
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Table 2. Comparison of the mean standard deviations of the ten image analysis (IA) leafy
spurge cover estimates and ten ocular leafy spurge cover estimates made by each of four
observers from ten color prints.

Method Mean Std. Dev. Std. Error Tukey P-Value
7
Obs 2 4.3650 1.2249 A 0.5747
Obs 3 4.2423 | 0.9783 A
Obs 4 3.8946 0.4905 A ‘
A 3.2660 0.7824 A |
A

Obs 1 2.5995 0.6279

Similarly, Stone et al. (1988) found image analysis as repeatable as the ocular
photographic grid method at estimating cover of carrots, lettuce, and onions from false
color infrared images. The variance of the image analysis method \;vas 0.0572 while that
of the ocular grid method was 0.0541. However, Nutter et al. (1993) found image
analysis to be less repeatable than the visnal method of estimating percent disease severity
of dollarspot on bentgrass. Four raters quantiﬁed‘percent disease severity visually from
color slides of one m? quadréts by dividing the diseased area of the quadrat by the total
quadrat area. Another rater quantified percent disease severity from the slides using image
analysis. All five raters quantified each slide twice. The researchers determined
repeatability among raters by linearly regressing the first and second estimates of each
observer. The linear regression R*-value on the first and second image analysis estimates
was 0.63 while the R%values of the first and second visual estimates varied from 0.80 to

0.93.
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Reliability Graphs ofthe image analysis estimates plotted against the three
observers’ ocular estimates show the patterns ofthe data (Figure 4). Because the points
are grouped around the 45° lines, the image analysis estimates appear to generally agree

with the ocular cover estimates.

r=0.8633 r=0.8159

6" 10'26'36 46 do o'W ' ko
Obs 1 Cover (%) Obs 2 Cover (%)

r=0.7291

60

6"id"it bl v’ H'd' ‘ibo
Obs 3 Cover (%)

Figure 4. Image analysis estimates of leafy spurge cover in relation to ocular estimates
of leafy spurge cover made by Observer | from color prints (A), by Observer 2 from color
prints (B), and by Observer 3 from field observations (C).
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The measures of correlation also indicate agreement between the image analysis
and ocular cover estimates. When the image analysis and ocular estimates for both years
were correlated (Table 3), the correlation coefficient (r) between the image analysis
estimates and Observer 1's estimates was 0.8633, between image analysis’ and Observer
2's was 0.8159, and between image analysis’ and Observer 3's was 0.7291. The lower
correlation coefficient between image analysis and Observer 3 probably resulted from the
difference in time in 1993 between the estimates made by Observer 3 in the field and the
photographing of the color prints used for image analysis. The highest correlation
coefficient occurred 1t)‘etween Observer 1 and Obseiver 2 (r = 0.9205).

Table 3. Correlation coefficients (all P-;/alues <.01) between the image analysis (IA) and

ocular leafy spurge cover estimates made by three observers with both years and all sites
combined.

Method

Method Obs 1 Obs 2 Obs 3

Pearson Cortrelation Coeflicients =—=---=mmmemmmm-

Obs 2 0.9232
Obs 3 0.7883 - 0.7751

TA 0.8633 ‘ 0.8159 0.7291

When the image analysis ocular cover estimates from both years were compared
using a Kruskal-Wallis test (Table 4), the image analysis estimates did not differ from the
ocular estimates of any of the three observers (P = 0.0139). According to the

nonparametric groupings, the estimates of Observer 2 differed from those of Observer 3.
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However, the mean cover values from the image analysis’ and the three observers’
estimates were all within 3.7%. Thus, there appears to be no biologically important
difference between any of the methods.

Table 4. Mean cover values and nonparametric groupings of the image énalysis (IA) and

ocular leafy spurge cover estimates made by three observers with both years. and all sites
combined.

Method Mean Cover  Std. Error ~ Grouping P-Value
_____ LY.
Obs 1 33.8358 0.7290 AB 0.0139
Obs 3 33.1942 0.6215 A
IA 31.4503 0.5761 AB
B

Obs 2 30.1796 0.5793

Measures of correlation conducted for each site each year (Table 5) provide more
information. The correlation coefficients between the image analysis and the ocular cover
estimates were above 0.62 e:;(cept in 1993 at Fergus County (r =0.3002). Observers 1
and 2 also had low correlation with Observer 3 at Fergus County (r-valﬁes 0f 0.3629 and
0.2928) which was attributed to the time difference between the estimates made by
Observer 3 and fhe estimates made using image analysis and by the other observers. The
Fergus County estimates presumably would have been influenced most by the time
difference because of the larger size and quantity of leafy spurge compared with the other

sites.
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Table 5. Correlation coefficients (all P-values <.01) between the 1993 and 1994 image
analysis (TA) and ocular leafy spurge cover estimates made by three observers at the
Fergus County, Custer County, and Valley County sites. '

Method

Year Method  Site Obs 1 Obs?2 . Obs 3

1993 Obs 2 Fergus 0.8470
Custer 0.9630
Valley 0.9118 _
Obs 3 Fergus 0.3629 0.2928
Custer 0.8213 0.7969
Valley 0.7910 0.7455
TA Fergus 0.7634 0.6986 0.3002
- Custer 0.9044 0.8997 0.7291
Valley =~ 0.7357 0.6760 6.6570
1994 Obs 2 Fergus 0.8536
Custer 0.9343
Valley 0.9216
Obs 3 Fergus 0.8244 0.8542
Custer 0.9127 0.9345
Valley 0.9134 0.9360
IA | Fergus 0.7815 0.7074 0.6285
Custer 0.9328 - 0.9045 0.8891

Valley 0.9206 0.8482 0.8639
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Results from the Kruskal-Wallis tests further highlight the relationships beﬁveen
the image analysis and ocular cover estimates at the three sites each year (Table 6). In
1993, the image analysis estimates differed from the ocular estimates of Observer 2 at the
Fergus County (P = 0.0001) and Custer County (P = 0.0146) sites. However,
examination of the mean cover values shows that, overall, image analysis was within 7%
of Observer 2 at Fergus County and within 3.5% of Observer 2 at Custer County. Thus,
the differences are small. In addition, the means of the image analysis estimates at all three
sites are between those of the observers, indicating that the observers often differ more
from each other than they do from image analysis.

In 1994, the image analysis estimates differed from the ocular estimates of
Observer 1 at Fergus County (P = 0.0001), from those of Observers 2 and 3. at Custer
County (P =0.0001), and from those of Observer 2 at Valley County (P =0.0137) as
evidenced by the nonparametric groupings. However, examination of the mean cover
values shows that image analysis differed by less than 7% in all cases. Thus, the
differences were not biologically significant. Mean cover values determined from the
image analysis estimates were lower than the mean cover values determined from the three
observers’ ocular estimates at Custer (P =0.0001) and Valley County (P = 0.0137).
Although the means differed by less than 6%, image analysis may tend to slightly

underestimate leafy spurge cover compared with the observers.

{
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Table 6. Mean cover values and nonparametric groupings from the 1993 and 1994 image
analysis (IA) and ocular cover estimates made by three observers at the three sites.

Year Site " Method Mean Cover  Std. Error Grouping P-Value
IV
1993 Fergus Obs3 46.1667 1.1376 A 0.0001

TA 42.0583 1.0709 A
Obs 1 41.9042 1.5307 A
Obs 2 35.1458 1.0950 B

Custer Obs 3 31.3909 1.8847 AB 0.0146
1A 30.7864 1.3620 A
Obs 1 30.0182 - 1.9282 AB
Obs 2 27.3409 1.7652 B

Valley Obs 3 33.8875 1.5714 A 0.0610
1A 32.1333 1.7924 A
Obs 1 31.6000 1.1375 A
Obs 2 29.3958 1.4293 A

1994 Fergus Obs 1 55.6917 1.5587 A 0.0001

1A 49.7000 1.1918 B
Obs 2 46.1042 1.2636
Obs 3 44.7480 1.1155 B

Custer Obs 3 17.1255 1.0321 A 0.0001
Obs 2 15.3750 0.8760 A
Obs 1 14.2667 1.1075 AB
1A 114750  0.9296 B

Valley Obs 1 28.6611 1.5080 AB 0.0137
Obs 2 27.4792 1.1916 A
Obs 3 25.6946 1.1370 AB
IA 229916 . 1.2402 B
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Since the image analysis leafy spurge cover estimates agree with the ocular cover
estimates of most of the observers overall and at each site, the image analysis estimates
appear reliable. In all cases, the mean cover values determined from the image analysis
estimates are within 7% of the mean cover values determined from any of the three
observ‘ers ocular estimates. Thus, image analysis appears to es‘tihnate leafy spurge cover
similarly to the three observers overall and at the three vegetational communities studied.
Other plant science researchers have found image analysis measures to agree with

conventional measures. Tagliavini et al. (1993) measured peach root surface areas
conventionally and with image analysis and used correlation to compare the measures.
The image analysis and conventional measures were highly correlated with an r-value

0f 0.95. Thomas et al. (1988) used image analysis to measure percent cover of rapeseed
from color slides. To determine accuracy, the researchers compared the image analysis
and visual estimates of cover with cover measures obtained using a leaf area meter.

The image analysis estimates agreed closely with the leaf area meter measureé while the
visual estimates were higher than the meter measures. Thomas et al. (1988) determined
that image analysis estimated rapeseed canopy more accurately than the visual method.
Meyer and Davison (1987) used image analysis to determine leaf areas pf soybean,
sunflower, and velvetleaf. The image analysis estimates of the leaf areas were compared
“using linear regression analysis with leaf area estimates measured using the electrical
optical method. The R%values were 0.995 for soybean and 0:993 for sunflower and

velvetleaf,
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In the present study, the reliability of the image analysis and ocular estimates was
further tested by comparing the image analysis and ocular estimates at low, medium, and
high cover levels (Table 7). At low cover levels, image analysis estimated leafy spurge
similarly to Observers 2 and 3. Observer 1 appeared to slightly underestimate leafy spurge
cover (P =0.0001). However, as the mean cover values were all within 5%, there was
little overall difference between the cover estimates.

At medium cover levels, image analysis and Observer 3 estimated leafy spurge
cover similarly. Examination of the mean cover values shows that the image analysis
estimates tended to be lower than those of Observer 1 and higher than those of Observer 2
(P =0.0001). However, the image analysis mean cover value was within 7% of the mean
cover values determined from all thrée observers’ estimﬁtes. In fact, ‘the observers tended
to differ more from each other than from image aﬁalysis.

At high cover levels, the image analysis estimates differed from those of all three
observers (P = 0.0001). An examination of the mean cover values shows that image
analysis tended to underestimate leafy spurge cover compared with the observers, with
differences ranging from 12 to 22%. These results indicate that image analysis may
underestimate cover at high cover values compared to the ocular method of estimating
cover. Tmage analysis may have underestimated leafy spurge at high cover values because
image analysis may better account for foliar openings than the obseirvers. The observers
might see cover more as the gross crown spread without accounting for any foliar

openings (Daubenmire 1959, Kinsinger et al. 1960).
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Table 7. Mean cover values and nonparametric groupings of image analysis (IA) and
ocular leafy spurge cover estimates made by three observers at low, medium, and high
cover levels.

Cover Level Method Mean Cover  Std. Error Grouping P-Value
7
Low Obs 3 15.2061 0.4381 A 0.0001
IA 14.8216 0.4833 A
Obs 2 13.1178 0.3336 A
Obs 1 10.6590 0.3599 B
. Medium Obs 1 51.8463 0.6770 A 0.0001
Obs 3 46.8283 0.6431
1A 45.0523 0.5757 B
Obs 2 42,1315 0.5482 C
High Obs 1 84.8387 0.7469 A 0.0001
Obs 2 76.7742 0.9809 B
Obs3 - 75.2151° 1.2109
IA 63.4301 1.5046 C

While the accuracies of the image analysis and ocular estimates were not tested in
this study, image analysis appears to be précise. Image analysis was as rebeatable as the
ocular method of estimating leafy spurge cover and was reliable in most cases. The image
analysis estimates were similar to those of at least one of the observers overall, at each
site, and at low and medium cover levels. At high cover levels, image analysis

underestimated cover compared with the three observers.
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Error Ievel and Sample Size

The error level of a sample is affected by the standard error of the mean which is in
turn affected by the standard deviation and sample size. Thus, the _enof level of a sample
can be improved by either reducing the variation of the estimates or increasing the sample
size. Table 8 summarizes the error levels for the 18 plots for both years together. There
were no differences (P = 0.3555) between average error levels for the image analysis
estimates or any of the ocular estimates made by the three observers according to the
Tukey groupings. Although fhere were no statistical differences, image analysis had the
lowest average error level (E = 9.93) while Observer 1 had the highest average error
(E=11.71). Iuterestingly, image analysis had the lowest (E = 3.29) and highest
(E = 25.09) error levels found for a plot.

Table 8. Summary of the error levels for the 1993 and 1994 image analysis (IA) and
ocular leafy spurge cover estimates made by the three observers at the 18 plots.

Error Level
Method High Low Ave Tukey P-Value
%
Obs 1 21.73 4.70 11.71 A 0.3555
Obs 2 18.70 4.84 10.03 A
Obs 3 17.62 . 4.64 10.05 A
IA 25.09 3.29 9.93 A
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Molloy and Moran (1991), using a random process model to examine error levels
for the image analysis and ocular grid methods of measuring crop residue cover from
prints, found the error level of the photographic grid method to be 27 times higher on
average than error for the image analysis method.

A summary of the number of quadrats required per plot to estimate leafy spurge

|

cover with a 10% error at a 95% confidence is reported in Table 9. Image analysis
required an average sample size of 10 quadrats. ’ibis was fewer (P = 0.0007) than the 17
quadrats required by Observer 1 and the 15 quadrats required by Observer 3 to achieve
the same error, but not different from Observer 2's average of 13 quadrats. Image analysis
and Observer 2 tied for the lowest number of quadrats needed to achieve a 10% error
level in a plot. Image analysis never needed more than 19 quadrats per plot while
Observers 1, 2, and 3 required a high of 35, 32, and 38 quadrats, respectively.
Table 9. Summary of the sample sizes needed to estimate leafy spurge cover within a

10% error at a 95% confidence level based on the 1993 and 1994 image analysis (IA) and
ocular leafy spurge cover estimates made by the three observers at the 18 plots.

Sample Size
Method High Low  Ave Tukey P-Value
Obs 1 35 2 17 A 0.0007
Obs 2 32 4 13 AB
Obs 3 38 4 15 A
IA 19 2 10 B
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The required number of image analysis samples reported in this study are
supported by Molloy and Moran (1991). These researchers generated a sampling rate
graph for the number of one m? quadrats requireci to obtain errors of 5, 10 and 15% at the
95% siglﬁﬁcancé level for different ranges of crop cover measured uéing image analysis.
At cover levels up to 80%, 19 quadrats were sufficient to maintain a 10% error level.
However, at cover levels between 80 and 100%, up to 28 quadrats were required.
Fourteen quadrats per plot were sufficient to maintain a 15% error level for all levels of
crop cover. Thus, to estimate leafy spurge cover w1th1n a 10% error level in our study,
presumably only 20 quadrats would need to be sampled per plot 1f image analysis was used
to estimate cover. Ifcover was estimated ocularly, twice as many quadrats would have to

be sampled to maintain the same error level.

Biomass Models

Roebertsen et al. (1988) stated that before image analysis can be used to measure
biomass, the image analysis values have to be calibrated with biomass measures for the
vegetation type. While cover can have a degree of correlation with biomass, separate
models must be developed for each species (Bonham 1989). These models are generally
of the form y = a + b[f(x)] where y is the biomass estimate, @ is a constant, b is the slope
of the line, and f{%) is some finction of the measured species’ cover. The function can be
logarithmic or otherwise.

Table 10 contains the correlation coefficients between the image analysis and

ocular estimates of leafy spurge cover and the biomass estimates from the northwest
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transects. The image analysis and ocular cover estimates had correlation coefficients
ranging from r = 0.7919 between Observer 1 and biomass to r = 0.8141 between Observer
2 and biomass. The high correlation coefficients (r-values > 0.79) suggested linear
relationships between the image analysis and ocular cover estimates and biomass.

Table 10. Correlation coefficients (P-values < .01) between the 1994 image analysis (IA)
estimates of leafy spurge cover, the ocular leafy spurge cover estimates made by the three

observers, and the leafy spurge biomass estimates from the northwest transects at all sites
combined.

Method 7

Method Obs 1 Obs 2 Obs3 IA

Pearson Correlation Coeflicients

Obs 2 0.9345

Obs 3 - - 0.9180 0.9086

1A 0.9239 0.9286 0.8889

Biomass 0.7919 0.8141 0.8032 0.8101

Linear models were generated using regression analysis to relate leafy spurge
cover to biomass for image analysis and for the three observers (Figure 5). While the
P-values of 0.0001 for the linear models were significant, the overly simple linear models
were not consistent for predictiné leafy spurge biomass based on the image analysis cover
estimates (R? = 0.6563) nor the ocular estimates made by the three observers
(R*=0.6272, R* = 0.6627, and R* = 0.6531). Logarithmic and polynomial models and

arcsine and square root transformations of the cover data did not improve the fit.
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y =0.392x+ 1.821 y =0.314x + 1.877
R2= 0.6563 R2= 0.6272
P =0.0001 |, P =0.0001

b 16 id "io 40 do do 16 io do ibo

IA Cover (%) Obs 1 Cover (%)
y =0.382x +1.528 » + y=0.444x - 0.485
R2=0.6627 R2=0.6531
P =0.0001 P =0.0001
@ 30 <0 30
CO 20
b id io 36 40 Sb do 76" do 66 ibo 6 "o io 'io 4o 'Sb™'do"76" do 'db ibo
Obs 2 Cover (%) Obs 3 Cover (%)

Figure 5. Biomass of leafy spurge in relation to estimates of leafy spurge cover made
using image analysis (A), and ocular estimates made by Observer | from color prints (B),
by Observer 2 from color prints (C), and by Observer 3 from field observations (D).
Addition of a term or terms to the simple linear models such as a leafy spurge
height factor might improve the models. Correlation coefficients were lowest (Table 11)

between the leafy spurge cover estimates and biomass at the Fergus County site where

leafy spurge was the tallest. Since the ocular and image analysis cover estimates in this
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study accounted only for crown spread and not overall size or layering of vegetation, the

cover estimates may not adequately predict the overall biomass for tall leafy spurge plants.

Table 11. Correlation coefficients (P-values < .01) between the 1994 image analysis (IA)
estimates of leafy spurge cover, the ocular estimates of leafy spurge cover made by the
three observers, and the leafy spurge biomass estimates from the northwest transects at the

Fergus County, Custer County, and Valley County sites.

Method
Method Site Obs 1 Obs 2 Obs 3 IA
e Pearson Correlation Coefficients —--—— -
Obs 2 Fergus 0.8315
Custer 0.9433
Valley 0.9525
Obs 3 Fergus 0.7735 0.7752
Custer 0.9002 0.9315
Valley 0.9160 0.9192
IA _ Fergus 0.7956 0.8579 0.7042
Custer 09051  0.8915 0.8548
Valley 0.9147 0.9186 0.8707
Biomass Fergus 0.5071 0.6025 0.6086 0.6287
Custer 0.7715 0.7893 0.8073 0.6718
Valley 0.8484 0.8730 0.8299 0.8762

Emst and Kuhn (1989) were successful at developing an exponential model

relating image analysis estimates of Benjamin fig leaf area to plant mass while Stone et al.

(1984) developed a logarithmic model relating image analysis estimates of crop cover to
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crop dry weights. However, our study indicates that models relating image analysis cover

estimates to biomass may not be straightforward to develop for all species.
Conclusions

Image analysis was able to separate leafy spurge from the other plant species found
at the three sites studied. 'The image analysis l'egfy spurge cover estimates appeared
reliable when compared to the ocular estimates, although image analysis may
underestimate leafy spurge cover at high cover values compared with the ocular method.
Image analysis’ underestimation at high covef values was attributed to the ability of image
analysis to account for foliar openings.

Image analysis was determined to have the same repeatability at estimating leafy
spurge cover as the ocular estimators as evidenced by the lack of differences in mean
standard deviations. The average error levels of the image analysis and ocular methods
did not differ and were within the generally accepted range for field sampling. The
number of quadrats required to estimate leafy spurge cover within 10% error ata 95%
confidence level differed for image analysis and two of the three observers. In the present
@dy, only 20 quadrats would need to be sampled per plot if image analysis was used to
estimate leafy spurge cover while twice as many quadrats would need to be sampled if
cover was measured ocularly. Neither the image analysis nor the oculﬁ estimates were
reliable predictors of leafy spurge biomass using simple linear models. Logarithmic and
polynomial models did not improve the fit. Models relating cover estimates to biomass

may not be straightforward to develop.
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Image analysis appears to be a useful tool to aid in determining the effects of
biological control agents on leafy.spurge cover. While the precision of the image analysis
method was not markedly different from the precision of the ocular method, fewer
quadrats would need to be sampled with image analysis. The color prints from image
analysis would also provide a permanent photo record of the study sites. The ability of
image analysis to separate leafy spurge from the numerous plant species present at the
sites indicates that image analysis might also be able to separate other plant species based
on reflectance. Each plant species tends to have a characteristic reflectance signature
(Knipjjng 1970). Guyer et al. (1986) determined that differences in n@bers and shapes of
leaves could also be used in image analysis to identify individual plant species. Thus,
image analysis could be useful not only to measure effects of biological control agents on
leafy spurge, but in any study where stress results in reduced total leaf area of a plant
community.

To have practical value, image analysis must be rapid and the technological
requirements must be generic and relatively inexpensive. While we did not collect data in
this study on the time requirements of the image analysis and ocular methods, several
observations were made. The color phptos needed for image analysis required roughly the
same time in the field to collect as did the ocular cover data.

The additional laboratory time required to obtain the image analysis data from
color prints has been examined in several studies. McMillan and Schwartz (1993) initially
spent a high amount of time acquiring images of bean leaves and performing image

analysis on the images. However, after developing a routine, the researchers could obtain
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and analyze an image in 20 to 30 seconds. Thomas et al. (1988) found that it took 52
seconds on average to visually inspect a slide and 104 seconds for image analysis. The
time required to visually inspect a slide increased as percent cover increased but remained
relatively c;)nstant for image analysis. Thomas et al. (1988) also noted 1.:hat visually
inspected data are generally recorded on paper. Additional processing time would be
needed to enter the visual data onto a computer. Based on our results regarding sample
sizes, if only half as many image analysis samples weie collected, the time required to
collect the image analysis data may actually be lower than for the ocular data.

The technological requirements for image analysis are generic and relatively
inexpensive. The equipment needed to perform image analysis currently includes a frame
grabber board or scanner, a personél computer, and software. Recently, filmless
electronic cameras have been developed which directly transmit digital signals. These
cameras may supersede film-based cameras and a scanner or frame grabber would no
longer be needed. Inexpensive image analysis software is now available. Experts predict
that image analysis programs will continue to become easier to use and less expensive
(Grotta and Grotta 1992).

Thus, the application of image analysis appears to have practical value as a
measurement tool. The methodoiogy is simple and versatile. ’Image analysis is automated
to a large extent and is relatively rapid. Quantification is shown to be repeatable and
reliable aﬁd to require fewer samples than the ocular method. The technological

requirements are personal éomputer-based and relatively inexpensive.




50

LITERATURE CITED

1. Anonymous. 1994. Jandel Scientific Software Product Catalogue. Jandel Scientific,
San Rafael, CA. 23 p.

2. Bonham, C. D. 1989. Measurements for Terrestrial Vegetation. John Wiley and Sons,
New York, NY. 338 p.

3. Brosten, B. S. and D. C. Sands. 1986. Field trials of Sclerotinia sclerotiorum to .
control Canada thistle (Cirsium arvense). Weed Sci. 34:377-380.

4. Brown, D. 1954. Methods of Surveying and Measuring Vegetation. Commonwealth
Agric. Bur. Pastures and Field Crops Bull. 42. Bradley and Sons, Ltd., Reading,
England. 223 p.

5. Campbell, N. A. and G. W. Arnold. 1973. The visual assessment of pasture yield.
Austr. J. Exper. Agric. Animal Husb. 13:263-267.

6. Coombs, E. M, T. E. Bedell, and P. B.-McEvoy. 1991. Tansy ragwort (Senecio
Jacobaea): Importance, distribution, and control in Oregon. p. 419-428 in L. F.
James, J. O. Evans, M. H. Ralphs, and R. D. Childs, eds., Noxious Range Weeds,
Westview Press, Inc., Boulder, CO.

7. Daubenmire, R. 1959. A canopy-coverage method of vegetational analysis.
Northwest Sci. 33:43-64.

8. Daniel, W. W. 1990. Applied Nonparametric Statistics, Second Edition. PWS-Kent
Publishing Co., Boston, MA.

9. Emst, D. and W. Kuhn. 1989. Nondestructive plant mass determination by computer
image analysis and microwaves. Acta Hort. 260:329-341.

10. Everitt, J. H., G. L. Anderson, D. E. Escobar, M. R. Davis, N. R. Spencer, and R. J.
Andrascik. 1994. Using remote sensing for detecting and mapping leafy spurge
(Euphorbia esula). p. 10 in Proc. Leafy Spurge Symp., USDA-ARS, Bozeman, MT.

11. Fisser, H. G. and G. M. Van Dyne. 1966. Influence of number and spacing of points
on accuracy and precision of basal cover estimates. J. Range Manage. 19:205-211.




12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

51

Frank, J. R. 1991. Interactions of Alternaria alternata and glyphosate on leafy
spuzge. p. 43-44 in Rep. of the Leafy Spurge Cont. Coord. Planning Mtg.,
Minneapolis, MN.

Gaudet, C. L. and P. A. Keddy. 1988. A comparative approach to predicting
competitive ability from plant traits. Nature 334:242-243.

Gerten, D. M. and M. V. Wiese. 1987. Microcomputer-assisted video image analysis
of lodging in winter wheat. Photogrammetric Eng. Rem. Sens. 53:83-88.

Greig-Smith, P. 1964. Quantitative Plant Ecology, 2nd Ed. Butterworths, London,
England. 256 p.

Grotta, D. and S. Grotta. 1992. Digital photography. Popular Sci. 241:62-66+.

Guyer, D. E., G. E. Miles, M. M. Schreiber, O. R. Mitchell, and V. C. Vanderbilt.
1986. Machine vision and image processing for plant identification. Trans. ASAE
29:1500-1507.

Han, Y. J. and J. C. Hayes. 1990. Soil cover determination using color image analysis.
Trans. ASAE 33:1402-1408.

Harper, J. L. 1977. Experiments, analogies, and models. p. 1-30 in J. L. Harper, ed.,
Population Biology of Plants, Academic Press, London, England.

Harris, P. 1989. Practical considerations in a classical biocontrol of weeds program.
p. 23-32 in Intern. Symp. on Biol. Contr. Implementation: Proc. and Abstracts, US
Dept. Agric., McAllen, TX.

Harris, P. 1991. Classical spurge biocontrol with insects and pathogens. p. 28-35 in
Report of the Leafy Spurge Cont. Coord. Planning Mtg., Minneapolis, MN.

Hutchings, S. S. and C. P. Pase. 1963. Measurement of plant cover - basal, crown,
leaf area. p. 22-30 in Range Research Methods, US Dept. Agric. For. Serv. Misc.
Publ. 940.

Jandel Scientific. 1993. Java™ Image Analysis Software. Jandel Scientific, San
Rafael, CA.

Johnson, D. E., R. Mobley, and M. M. Borman. 1992. Competition as a component
of yellow starthistle control. p. 95-102 in T. Butler, ed., Oregon Interagency Noxious
Weed Symp. Proc., Corvallis, OR.




25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

52

Kinsinger, F. E., R. E. Eckert, and P. O. Currie. 1960. A comparison of the line
interception variable plot and loop methods as used to measure shrub crown cover.
J. Range Manage. 13:17-21.

Knipling, E. B. 1970. Physical and physiological basis for the reflectance of visible
and near-infrared radiation from vegetation. Rem. Sens. Environ. 1:155-159.

Kok, L. T. and R. L. Pienkowski. 1985. Biological control of musk thistle by
Rhinocyllus conicus (Coleoptera: Curculionidae) in Virginia from 1969 to 1980.
p. 433-438 in E. S. Delfosse. ed., Proc. IV Intern. Symp. Biol. Contr. Weeds,
Agric. Canada, Vancouver, Canada.

Krumenaker, L. 1994. Hardwére, software advances brighten image analysis systems
picture. The Scientist 8:17-19.

Lennard, P. R. 1990. Image analysis for all. Nature 347:103-104.

Lindsey, P. A. and N. L. Bassuk. 1992. A nondestructive image analysis technique for
estimating whole-tree leaf area. HortTechnology 2:66-72.

McEvoy, P. B. 1985. Depression in ragwort (Senecio jacobaea) abundance following
introduction of Tyria jacobaeae and Longitarsus jacobaeae on the Central Coast of
Oregon. p. 57-64 in E. S. Delfosse. ed., Proc. IV Intern. Symp. Biol. Contr. Weeds,
Agric. Canada, Vancouver, Canada.

McMillan, M. S. and H. F. Schwartz. 1993. Use of image analysis to quantify bean
leaf damage. Ann. Rep. Bean Improv. Coop. 36:168-169.

Meisel, D. D. and C. H. Recchia. 1988. A low-cost video frame grabber. Sky and
Telescope 75:526-527.

Meyer, G. E. and D. A. Davison. 1987. An electronic image plant growth
measurement system. Trans. ASAE 30:242-2438.

Meyer, G. E., A. Stepanek, D. P. Shelton, and E. C. Dickey. 1988. Electronic image
analysis of crop residue cover on soil. Trans. ASAE 31:968-973.

Mitchell, J. E., P. N. S. Bartling, and R. O'Brien. 1988. Comparing cover-class
macroplot data with direct estimates from small plots. Amer. Midland Naturalist

' 120:70-78.

Molloy, J. M. and C. J. Moran. 1991. Compiling a field manual from overhead

photographs for estimating crop residue cover. Soil Use Manage. 7:177-183.




38.

39.

40.

4].

42.

43.

44,

45.

46.

47.

48.

49.

50.

53

Neter, J. and W. Wasserman. 1974. Applied Linear Statistical Models. R.D. Trwin,
Inc., Homewood, IL. 842 p.

Nutter, F. W., Jr., M. L. Gleason, J. H. Jenco, and N. C. Christians. 1993. Assessing
the accuracy, intra-rater repeatability, and inter-rater reliability of disease assessment
systems. Phytopathology 83:806-812.

Oosting, H. J. 1956. The Study of Plant Commumities, 2nd Ed. W. H. Freeman and
Co., San Francisco, CA. 440 p.

Owens, M. K., H. G. Gardiner, and B. E. Norton. 1985. A photographic technique
for repeated mapping of rangeland plant populations in permanent plots. J. Range

- Manage. 38:231-232.

Pechanec, J. P. and G. D. Pickford. 1937. A weight-estimate method for the
determination of range or pasture production. J. Amer. Soc. Agron. 29:894-904.

Pemberton, R. W. and C. E. Turner. 1990. Biological control of Senecio jacobaea in
Northern California, an enduring success. Entomophaga 35:71-77.

Pieper, R. D. 1978. Measurement Techniques for Herbaceous and Shrubby
Vegetation, Dept. Animal and Range Sci., New Mexico State Univ., Las Cruces, NM.
148 p.

Pitt, M. D. and F. E. Schwab. 1990. Assessment of a nondestructive method for
estimating browse use. J. Wildl. Manage. 54:175-179.

Quimby, P. C., Jr., and J. Antognini. 1992. New developments in USDA-ARS
biological control research. p. 60-63 in T. Butler, ed., Oregon Interagency Noxious
Weed Symp. Proc., Corvallis, OR.

Rees, N. E. 1978. Interactions of Rhinocyllus conicus and thistles in the Gallatin
Valley. p. 31-38 in K.E. Frick, ed., Biological Control of Thistles in the Genus
Carduus in the U.S., US Dept. Agric. Sci. and Educ. Admin.

Rees, N. 1991. The expanded test and the Stillwater project. p. 37 in Report of the
Leafy Spurge Cont. Coord. Planning Mtg., Minneapolis, MN.

Reynolds, B. 1992. Mount Hood monitoring project. p. 71-74 in T. Butler, ed.,
Oregon Interagency Noxious Weed Symp. Proc., Corvallis, OR.

Roebertsen, H., G. W. Heil, and R. Bobbink. 1988. Digital picture processing: A new
method to analyze vegetation' structure. Acta Bot. Neerl. 37:187-192.




51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

54

Room, P. M. 1985. Plant architecture and how biologidal control agents affect the
dynamics of weeds. p. 89-102 in E. S. Delfosse. ed., Proc. IV Intern. Symp. Biol
Contr. Weeds, Agric. Canada, Vancouver, Canada.

Ruark, G. A. and J. G. Bockheim. 1988. Digital image analysis applied to soil profiles
for estimating tree root biomass. Soil Sci. 146:119-123.

Rundel, R. 1992. Mocha Image Analysis Software User's Manual, Revision 1.0.
Jandel Scientific, San Rafael, CA.

Sader, S. A. and J. C. Winne. 1991. Digital image analysis hardware/software use at
U. S. forestry schools. Photogrammetric Eng. Rem. Sens. 57:209-211.

SAS Institute, Inc. 1987. Statistical Analysis System, Release 6.04. SAS Institute,
Inc., Cary, N.C.

Schiatterer, E .F. 1983. Forest ecosystem classification and interpretation for
management of forestland grazing and multiple uses. p. 3-6 in B. F. Roche, Jr. and
D.M. Baumgartner, eds., Forestland Grazing, Cooperative Extension, Washington
State University, Pullman, WA.

Schultz, A. M. , R. D. Gibbons, and L. DeBano. 1961. Artificial populations for
teaching and testing range techniques. J. Range Manage. 14:236-242.

Shelton, D. P., G. E. Meyer, E. C. Dickey, A. Stepanek, and K. T. Fairbanks. 1988.
Electronic image analysis to determine crop residue cover. p. 457-462 in E. S.
Zazueta and A. B. Del Bottcher, eds., Proc. Second Intl. Conf. on Computers in
Agric. Extension Programs, Florida Coop. Exten. Service, Univ. of Florida,
Gainseville, FL.

Smith, A. D. 1944. A study of the reliability of range vegetation estimates. Ecology
25:441-448.

Stone, D. A., D. J. Greenwood, R. A. Sutherland, K. B. Niendorf, M. K. Turner, and
R. B. Sampson. 1984. Remote sensing. p. 123-125 in Natl. Vegetable Res. Stn. Ann. .
Rep., Wellesbourne, England.

Stone, D. A., B. Lancashire, R. A. Sutherland, K. B. Niendorf, and R. B. Sampson.
1988. A low cost microcomputer-based image analysis system for the
measurement of percent ground cover. Res. Dev. Agric. 5:65-70.

Stutte, G. W. 1990. Analysis of video images using an interactive image capture and
analysis system. HortScience 25:695-697.




63.

64.

65.

66.

67.

68.

69.

70.

71..

72.

55

Sydnor, T. D., T. A. Fretz, D. E. Crean, and M. R. Cobbs. 1975. Photographic
estimation of plant size. HortScience 10:219-220.

‘t Mannetje, L. 1978. Measuring quantity of grassland vegetation. p. 63-95 in

L. 't Mannetje, ed., Measurement of Grassland Vegetation and Animal Production,
Commonwealth Agric. Bur. Pastures and Field Crops Bull. 52, Farnham Royal,
Bucks, England.

Tagliavini, M., L. J. Veto, and N. E. Looney. 1993. Measuring root surface area and
mean root diameter of peach seedlings by digital image analysis. HortScience
28:1129-1130.

Thomas, D. L., F. J. da Silva, and W. A. Cromer. 1988. Image processing techniques
for plant canopy cover evaluation. Amer. Soc. Agric. Eng. 31:428-434.

Tillett, R. D. 1991. Image analysis for agricultural processes: A review of potential
opportunities. J. Agric. Eng. Res. 50:247-258.

Tucker, K. G., T. Kelly, P. Delgrazia, and C. R. Thomas. 1992. Fully-automatic
measurement of mycelial morphology by image analysis. Biotechnology Progress
8:353-359.

Van Dyne, G. M., W. G. Vogel, and H. G. Fisser. 1963. Influence of small plot size
and shape on range herbage production estimates. Ecology 44:746-759.

Vogt, G. B., P. C. Quimby, Jr., and S. H. Kay. 1992. Effects of Weather on the
Biological Control of Alligatorweed in the Lower Mississippi Valley Region,
1973-1983. USDA Tech. Bull. 1766. p. 143.

West, N. E. 1983. Choice of vegetation variables to monitor range condition and
trend. p. 636-639 in J. F. Bell and T. Atterbury, eds., Proc. Intern. Conf. on
Renewable Res. Inventories for Monitoring Changes and Trends, Oregon State Univ.,
Corvallis, OR.

Yanuka, M. and D. E. Elrick. 1985. Applications of microcomputer-based image
digitization in soil and crop sciences. Computers and Electr. in Agric. 1:59-73.




56

Appendix

List of observed plant species at the three study sites.
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Table A-1. List of observed plant species at the Fergus County, Montana site.

Grasses

Agropyron smithii Rydb. western wheatgrass
Agropyron spicatum (Pursh) Scribn. & Smith bluebunch wheatgrass
Bromus inermis Leyss. smooth brome
Bromus japonicus Thunb. Japanese brome
Festuca idahoensis Elmer Idaho fescue
Koeleria pyramidata (Lam.) Beauv. prairie junegrass
Phleum pratense L. * timothy

Poa pratensis L. Kentucky bluegrass
Stipa comata Trin. & Rupr. needleandthread
Forbs

Achillea millefolium L. western yarrow
Antennaria DC. sp. pussytoes
Artemisia ludoviciana Nutt. cudweed sagewort
Astragalus L. sp. locoweed
Balsamorhiza sagittata (Pursh) Nutt arrowleaf balsamroot
Chrysopsis villosa (Pursh) Nutt. hairy goldaster
Euphorbia esula L. leafy spurge
Glycyrrhiza lepidota Pursh licorice

Lupinus L. sp. Iupine

Medicago lupulina L. black medic
Medicago sativa L. alfalfa

Phlox L. sp. phlox

Psoralea tenuiflora Pursh slimflower scurfpea
Ratibida columnifera (Nutt.) Woot. & Standl prairie coneflower
Selaginella densa Rydb. clubmoss

Thermopsis rhombifolia Nutt.
Tragopogon L. sp.

round-leaved thermopsis

salsify

Shrubs

Artemisia frigida Willd. fringed sagewort
Rosa L. sp. rose
Symphoricarpos albus (L.) Blake snowberry
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Table A-2. List of observed plant species at the Valley County, Montana site.

QGrasses

Agropyron cristatum (L.) Gaertn. crested wheatgrass
Agropyron smithii Rydb. western wheatgrass
Bouteloua gracilis (H. B. K.) Lag. ex Steud. blue grama
Bromus inermis Leyss. smooth brome
Calamovilfa longifolia (Hook.) Scribn. prairie sandreed
Koeleria pyramidata (Lam.) Beauv. prairie junegrass
Schizachryium scoparium (Michx.) Nash little bluestem
Stipa comata Trin. & Rupr. needleandthread
Stipa viridula Trin. green needlegrass
Forbs

Artemisia ludoviciana Nutt. cudweed sagewort
Chenopodium album L. lambsquarters
Chrysopsis villosa (Pursh) Nutt. hairy goldaster
Dalea purpurea Vent. purple prairieclover
Euphorbia esula L. leafy spurge
Medicago sativa L. alfalfa

Opuntia polyacantha Haw. prickly pear cactus
Selaginella densa Rydb. clubmoss
Sphaeralcea coccinea (Pursh) Rydb. scarlet globemallow

Thermopsis rhombifolia Nutt.

round-leaved thermopsis

Shrubs

Artemisia cana Pursh

Artemisia frigida Willd.

Rosa L. sp.

Symphoricarpos albus (L.) Blake

silver sagebrush
fringed sagewort
rose

snowberry




Table A-3. List of observed plant species at the Custer County, Idaho site.

QGrasses

Agropyron cristatum (L.) Gaertn.

Agropyron spicatum (Pursh) Scribn. & Smith

Agropyron trachycaulum (Link) Malte
Agrostis stolonifera L.

Bromus tectorum L.

Elymus cinereus Scribn. & Merr.
Koeleria pyramidata (Lam.) Beauv.
Oryzopsis hymenoides (R. & S.) Ricker
Poa pratensis L.

Poa secunda Presl.

Stipa comata Trin. & Rupr.

crested wheatgrass .
bluebunch wheatgrass
slender wheatgrass
redtop bent
cheatgrass brome
basin wildrye
prairie junegrass
indian ricegrass
Kentucky bluegrass
Sandberg bluegrass
needleandthread

Forbs

Artemisia ludoviciana Nutt.

cudweed sagewort

Euphorbia esula 1. leafy spurge
Opuntia polyacantha Haw. prickly pear cactus
Shrubs

Artemisia nova A. Nels. black sagebrush
Artemisia tridentata Nutt. big sagebrush
Artemisia tripartita Rydb. threetip sagebrush
Chrysothamnus nauseosus (Pall.) Britt. rubber rabbitbrush
Purshia tridentata (Pursh) DC. antelope bitterbrush
Symphoricarpos albus (L.) Blake snowberry
Tetradymia canescens DC. gray horsebrush







