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Abstract

Department of Defense natural resource managers need information on where specific bird
species of conservation concernt are most likely to occur, and where hotspots of migratory
species richness are located, in order to successfully implement installation-specific Integrated
Natural Resource Management Plans. In this project, the research team developed an approach
to characterizing the patterns of presence and abundance of bird species in open-canopy
ecosystems. The approach integrates landscape level analysis with spatially detailed habitat
information, using remotely sensed image texture which is derived from unclassified imagery.
We calculated image texture from digital aerial photos, from Landsat Thematic Mapper satellite
imagery which provides data on individual bands of the electromagnetic spectrum, and from a
derived product, the Normalized Difference Vegetation Index. In the Chihuahuan Desert
ecosystem of Fort Bliss, NM, Normalized Difference Vegetation Index alone accounted for up to
82% of the variability in species richness, while image texture derived from aerial photos was the
strongest single predictor of species richness (capturing 52% of variation) in the grassland-
savanna-woodland ecosystem of Fort McCoy, WI. Maps of avian abundance and occurrence
were developed from models using image texture at both installations. The mapping effort
revealed that texture measures account for variability within landcover classes, reflecting fine-
scale patterns of species abundance and occurrence that are not apparent in maps based on
models using landcover class data only, while retaining a broad-extent perspective. In the Fort
McCoy ecosystem, the near-infrared band from Landsat Thematic Mapper imagery accounted
for 74% of ground-measured vertical vegetation structure, which is strongly associated with bird
distribution patterns. In a focal study on Fort Bliss of the Loggerhead Shrike, a species of
conservation concern, models based on local (i.e. ground measured) and intermediate-scale (i.e.
image texture) but not broad scale (i.e. land cover class) habitat variables best explained Shrike
occurrence. Finally, the research group conducted an analysis of phenological variation of
texture measures in three North American biomes, and found that interseasonal variability is
strong, which both offers opportunities and presents challenges. The degree to which texture
measures were robust to seasonality and scale of analysis was quantified. In summary, image
texture is a useful measure in models of habitat. Models based on image texture performed equal
to or better than models based on classified habitat maps for characterizing habitat use by birds,
across broad extents. This project has highlighted the potential to integrate remotely sensed
measures of habitat structure in habitat models.



Objectives

Department of Defense natural resource managers need information on where specific
migratory bird species are most likely to occur, and where hotspots of migratory species richness
are located, in order to implement improved mitigation procedures that protect migratory bird
species without degrading realistic military training. Accurate environmental risk assessments
that comply with the Migratory Bird Treaty Act (MBTA) and the Endangered Species Act (ESA)
require detailed information on the patterns of species presence and species abundance.
Installation Integrated Natural Resource Management Plans (INRMPs) are useful to the degree
that they are based on information about patterns of distribution of species of interest, at relevant
scales. The aim of this project was to develop a migratory bird monitoring strategy for military
lands that integrates field based monitoring with satellite image analysis, and to address
manager’s needs for broad scale, but relatively detailed maps of individual species occurrence
and ‘hotspots’ of species richness.

Initial development of this idea evolved from the observation that species richness within the
desert bird community of Fort Bliss responded to foliage height diversity positively, a
relationship initially articulated by MacArthur and MacArthur (1961), and which has been found
to hold true in many other habitat types. Our working hypothesis was that 1) there is a strong
positive relationship between foliage height diversity and remotely sensed image texture, a
measure of habitat heterogeneity, and 2) image texture has the same positive relationship with
bird species richness that foliage height diversity does, and the two measures are likely to be
interchangeable in models of bird habitat.

The overarching goals of this project were therefore to identify the fundamental
relationship of habitat elements that define migratory landbird habitat in desert and savanna
environments, to develop texture-based image processing methods for satellite and airphoto
data to forecast migratory bird distribution and abundance, and to generalize these forecasting
methods to other ecosystems.

The project had four major objectives:

. Determine the relationship of migratory bird presence and abundance to habitat structure
in desert environments as depicted in the image texture of airphotos and satellite data

e  Test the reliability of these relationships using an existing dataset of migratory bird
presence and abundance

. Predict abundance and presence of migratory birds based on these habitat measures at a
fine-scale across entire military installations

. Use the results of these desert- based findings to inform prediction of abundance and
presence of migratory birds in a prairie — savanna ecosystem.




Background

Understanding the spatial and temporal pattern of species and populations has been a major
goal of ecological research since the beginnings of the field (e.g., Grinnell 1917). A rich theory
of habitat selection developed that sought to explain how individuals within a population are
distributed among limited habitat resources. Biodiversity is generally related to three broad
factors: habitat structure, climatic stability, and productivity (Figure 1; MacArthur 1972).
Specific structural aspects of habitat are good predictors of bird diversity and of occupancy by
certain species (MacArthur and MacArthur 1961). Vegetation structure may be a good predictor
of occurrence and therefore of species richness (i.e. number of species found at a given site)
because it may function as an indicator of foraging sites, insect density, or other aspects of
foraging and food supply for birds (Cody 1981). Competition can modify habitat selection, so
that if the dominant competition is primarily
from within a species, the range of habitats

occupied by a species expands, while if the PI’OdUCtIVIty

dominant competition is from other species, a

species’ range contracts (Svardson 1949).

This phenomenon, and density-dependent

habitat use generally, is well documented and ; . :

is the subject of several explanatory theories Climatic Habitat
(MacArthur and Levins 1964, Fretwell and Stability Structure

Lucas 1970, Rosenzweig 1981).

The importance of habitat availability for Fjgure 1. Three major factors influencing species
the distribution patterns of wildlife allows richness (MacArthur 1972).
prediction of their abundance via habitat mapping. Remotely sensed imagery is a prime data
source for broad scale habitat mapping and its earliest uses for this purpose date back three
decades (Reeves et al. 1976, Laperrierre et al. 1980). Satellite imagery has been the basis of
predictions of single species distributions (Aspinall and Veith 1993) and patterns of biodiversity
(Stoms and Estes 1993, Griffiths et al. 2000, Luoto et al. 2002, Turner et al. 2003). The common
approach is to conduct a pixel-by-pixel classification using the reflectance values in multi-
channel imagery to identify vegetation classes (Lillesand and Kiefer 2004). Species distribution
patterns are statistically modeled by integrating wildlife survey plot data with the satellite image
classification (Fuller et al. 1998). This approach has been used for many species, ranging from
Black-throated Sparrow (Amphispiza bilineata, Pidgeon et al 2003) to Wood Stork (Mycteria
americana, Hodgson et al. 1987, 1988), and groups of multiple species have been modeled in
geographically distinct areas ranging from Maine (Hepinstall and Sader 1992), to the Greater
Yellowstone Ecosystem (Saveraid et al. 2001), and Polynesia (Franklin and Steadman 1991).

In addition to the type, structure, and availability of habitat, the scale at which these elements
are considered is important. Military installations, in particular, are often vast in extent.
Therefore, models of habitat use that are relevant only to local areas are of limited use to natural
resource managers responsible for implementing INRMPs. Patterns and processes operating at
the landscape scale are a crucial factor influencing species distributions (Turner et al. 1989).
Population ecologists have demonstrated that species distributions can be determined by
metapopulation dynamics (Flather and Bevers 2002) or source-sink dynamics (Pulliam 1988).
Landscape indices depicting fragmentation (e.g., patch size and patch isolation, Turner 1989) are
powerful determinants of migratory bird presence and abundance in landscapes that are forested




(Flather and Sauer 1996, Trzcinski et al. 1999) or agriculturally dominated (Herkert 1994, Bergin
et al. 2000).

Taken together, the information from these and other studies suggested that pixel-by-pixel
habitat classification should be combined with landscape level habitat analysis when predicting
bird distribution and
abundance, and that this
integrated approach should
play a key role in an
advanced monitoring
strategy for migratory birds
on military lands.
However, in order to apply
this successfully across
military installations in the
U.S., another issue needed
to be considered.

The majority of all
military land is located in
deserts (70%) while
can? satellite-based habitat

. . ) N mapping has largely
Figure 2. Location of the two study sites. Fort Bliss is within the focused on forested and/or
Chihuahuan Desert Province in southern New Mexico. Fort McCoy is . .
within the Eastern Broadleaf Forest (Continental) province (Bailey 1995). human dominated (i.e.

agricultural) landscapes.

The results of field-based studies show that bird species composition in deserts is influenced by
vegetation differences, such as contrasts between desert riparian and desert scrub habitat (Szaro
and Jakle 1985, Naranjo and Raitt 1993, Kozma and Mathews 1997), and grazed versus
ungrazed areas (Gonnet 2001, Krueper et al. 2003). Presence of avian granivores in desert
grasslands is influenced by the availability of vegetation that functions as an escape from
predators (Lima and Valone 1991). In general, avian presence and species diversity are
consistently found to be related to vegetation based habitat measures, such as foliage height
diversity (Tomoff 1974, Mills et al. 1989, Imhoff et al. 1997, Pidgeon et al. 2001).

However, mapping habitat elements that birds respond to in desert or ecotonal environments,
such as a prairie-savanna mosaic, using traditional pixel-by-pixel habitat classification methods,
poses a problem. By definition, a habitat classification obscures subtle variation within one
habitat, such as the density of shrubs available for nesting, which can be a key determinant of
migratory bird presence and abundance (Pidgeon et al. 2001). Traditional pixel-by-pixel habitat
classification methods are not suitable to detect within-habitat variation, and bird abundance
maps resulting from this are relatively coarse and do not capture potentially important within-
habitat variability (e.g., Pidgeon et al 2003).

Another problem is related to the use of landscape level habitat measures in desert or savanna
environments. Initial research that has been done shows that landscape level factors (i.e. number
of patches) are important for avian habitat quality in desert environments (Gutzwiller and
Barrow 2002). The problem is that all commonly used landscape indices require a basemap of
distinct habitat types. This makes sense in human dominated landscapes with discrete patches,
but desert and savanna environments rarely exhibit distinct patch boundaries. Instead, transitions




among habitat types occur along gradients (Imhoff et al. 1997, Asner et al. 2000). For example,
in the Chihuahuan Desert where one half of this study is based, patch boundaries are ‘soft’, either
because the vegetation is structurally similar (e.g., between cresosotebush and whitethorn
accacia- habitats) or because there is a broad ecotone between habitat types (e.g., between
sandsage and mesquite, or whitethorn and black grama). In the prairie-savanna ecosystem, the
density of shrubs and trees in prairies and savannas depends on fire and disturbance history, and
forms a broad ecotone as well. Consequently, commonly used landscape indices (Turner 1989)
are not well suited for predicting migratory bird distribution and abundance in desert and
savanna environments. These challenges made clear the need for new and improved methods for
mapping avian habitat at sufficient detail to reflect avian patterns of use, and at a broad enough
scale that management strategies could be planned and implemented. We elected to explore the
use of image texture measures to characterize migratory bird habitat. At the time we proposed
this project there had been success in applying image texture to vegetation classifications, but
only one study that had used image texture to map wildlife habitat explicitly. Hepinstall and
Sader (1997) predicted the probability of occurrence for 14 species of Maine land birds using
spectral values of 30 m Landsat TM imagery and derived texture measures. Based on their
results, we investigated texture measures from airphotos and Landsat TM imagery and their
application to predicting bird patterns at Fort Bliss, and then at Fort McCoy (Figure 2).




Materials and Methods

The A .
approach we YOI 3 A0 T -
proposed
combined
existing field
based data on
bird distribution
and abundance

P

with remotely Singases RN 1 4 AR
sensed data, Figure 3. Digital aerial photos of A) black grama grassland, B) s
using advanced mequite habitat.

image processing
methods to identify image correlates of environmental features that predict bird presence and
abundance.

The novelty of our approach centers on the use of image texture. Image texture is calculated
on unclassified imagery, which retains all of the heterogeneity available in the particular pixel
resolution and amount of the electromagnetic spectrum captured in a given remotely sensed (i.e.
satellite- or fixed wing aircraft-based) data source (e.g., Figure 3). Image texture measures the
heterogeneity in tonal values (i.e., digital numbers, which represent brightness) within a defined

4 4 5

S

S 4

4

5

Figure 4. lllustration of digital numbers and grey-level oc-occurrence matrix. Left: Example of pixel digital
numbers in a 3 x 3 window. First-order statistics are calculated directly on these numbers. Second-order
statistics are calculated on a grey-level co-occurrence matrix (Right) that calculates the number of co-
occurences of pairs of pixel values in a four directions (0°, 45°, 90°, and 135°), and averaged (Harralick 1973).

area of an image. Some images are dominated by tone (homogenous digital numbers throughout
an image) whereas others are dominated by texture (heterogonous digital numbers across an
image, Haralick et al. 1973, Haralick 1979). The most commonly used measures of texture are
divided into two groups: first-order (occurrence) and second-order (co-occurrence). First-order
measures are statistics calculated from the spectral values of pixels in a defined neighborhood,
typically implemented as a moving window. Common first-order measures include minimum,
maximum, range, mean, standard deviation, skewness, and kurtosis. Second-order texture
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Figure 5. Landsat satellite image of McGregor Range of Fort
Bliss, NM, indicating location of bird surveys. White dots
indicate location of 42, 108 ha plots surveyed for bird species
richness and abundance data from 1996-1998. Black dots
indicate location of 42 independent plots surveyed 2006-2008
that were used to test models developed from the 1990s data.

measures take into account the spatial
distribution of spectral values, and
are derived from the gray-level co-
occurrence matrix (Figure 4). Entries
in the matrix represent the relative
frequency of pixels with tone levels
and co-occurring at a user specified
distance (typical distance is 1 pixel)
and direction Image texture offers
promise as a measure useful for
analyses that are fine grained, yet
broad in extent, a combination of
attributes that are necessary for
effective landscape-scale
characterization of avian habitat
structure. Additionally, because
calculation of image texture measures
does not rely on a landcover
classification, which is often labor-
intensive to produce, its use in habitat
models is cost-effective relative to
models based on landcover
classifications. We tested both
individual measures of texture and
the effect of scale, as represented by
calculating texture in different
window sizes.

Collection of field data

We conducted the initial phase
of work on McGregor Range of Fort
Bliss, located primarily in New

Mexico, where we had previously collected a three year data set of bird distribution (Figure 5).
The project was subsequently expanded to Fort McCoy, Wisconsin. Both of these sites have
open canopy vegetation structure, and we felt they would provide a good opportunity to test of
the usefulness of image texture for bird habitat analysis in a range of open-habitat environments.
Fort Bliss is located in the northern Chihuahuan Desert. McGregor Range of Fort Bliss
encompasses approximately 282,500 ha, and includes seven major habitat types, including, at the
lowest elevation (1200 m) on the west half of the Range, three shrub-dominated habitat types;
sandsage, mesquite and creosotebush. Moving up in elevation, another shrub-dominated habitat
type, whitethorn acacia is found, and moving up in elevation, it intergrades with black grama
grassland. At about 1800 m, mesa grassland dominates and ranging to 2400 m, pinyon-juniper

covers the northern part of the Range.




Figure 6. Images of representative habitafs, Fort Bli lockwise from p‘léft: mesquife dhes,

cresosote-bush, pinyon-juniper, and black-grama grassland.

For the Fort Bliss analysis, we used existing avian data that had been collected during the
breeding season (late April to May) of 1996 to 1998 to build statistical models and to make
species abundance/occurrence maps, and used data collected during the breeding seasons of
2006-2008 to test the validity of the models and maps. In each period, 42 plots were sampled.
In the first time period, 6 plots were randomly placed in each of 7 habitat types. In the second
time period, 7 plots were placed in each of 6 image texture categories, spanning the image
texture range encompassed by the first set of plots. Each study plot consisted of a 12-point grid
(3 x 4) with points located 300 m apart, so that each plot encompassed 108 ha. We collected
data on bird presence and abundance using 10-minute point counts following standard methods
for that time period (Ralph et al 1995, Pidgeon et al 2001). Plots were visited four times each
year in the first set of plots, and twice each year in the second set of plots, and all birds detected
within 150 m at each of the twelve points were tallied by species.

At Fort McCoy we collected data on habitat and avian distribution in the tthe grassland-
savanna- woodland mosaic (Figure 7). The areas of Fort McCoy available to us for study were
interspersed with off-limits training areas and roads, and required a different sampling design
than was used at Fort Bliss. Survey points for collecting data on birds were distributed among
grassland (n=50), black oak (Quercus velutina) savanna (n=91), and woodland habitat (n=65;
Figure 8). Each survey point was surrounded by at least 100 m of homogeneous habitat
(grassland, savanna, or woodland), and was at least 100 m from roads. At each survey point we




conducted 10-minute point counts in 2007-2009 to estimate bird abundance, by species,
following standard methods that now include estimate of distance to each individual bird, so that
detectability differences can be accounted for in later calculations of abundance.

e

A B on A
Figure 7. Images of representative habitats, Fort McCoy. Left to rig hort grass prairie, black
oak savanna, red and black oak woodland.

Each survey point is the center of a 100 m radius plot, and once during the three year period
we sampled habitat structure in each plot. We sampled foliage height diversity (MacArthur and
MacArthur 1961, Wiens and Rotenberry 1981), using a 12 m tall pole marked at 30 cm intervals.
At each sample point, four
sub-plots were selected where
measurements were collected.

One sub-plot was located at .

the center of the sample point, SR T A e
and the three remaining sub- .
plots were located at a random
distance between 20 m and 80
m, with one in each compass
direction: 0°, 120°, 240°. From
the center point of each sub-
plot, one observer walked 5 m
in each of the cardinal
directions and placed the pole
vertically on the ground. A
second observer recorded all
hits (i.e., instances where
vegetation touched the pole)
per 30 cm segment. If the
canopy was taller than 12 m,
the second observer used
binoculars to estimate +
vegetation hits at approximate

30 cm intervals. This yielded

four measurements at each of

the four sub-plots totaling 16

L | ]

Figure 8. Airphoto image of Fort McCoy, WI. Yellow dots indicate
location of 206, 100 m radius plots at which bird species richness and
abundance data were collected in 2007-2009.




foliage-height profile measurements at each plot.

From these 16 foliage-height diversity measurements, three indices of vegetation
structure were calculated. First, an index of vertical structure, called foliage height diversity, was
computed (MacArthur and MacArthur 1961). Second, a horizontal vegetation structure index
was derived by taking the standard deviation of the highest intersection of vegetation on the pole
at the 16 foliage-height diversity measurements per sample point (Wiens and Rotenberry 1981).
Third, a foliage volume index was derived by summarizing the total number of hits of vegetation
along the pole at a sample point, from the 16 pooled foliage-height diversity measurements
(Estades 1997).

Testing the relationship between foliage height diversity and image texture at Fort McCoy

We know from previous work that in the Northern Chihuahuan Desert ecosystem of
McGregor Range of Fort Bliss the relationship between bird species richness and foliage height
diversity is positive (Pidgeon 2000), consistent with findings in many other ecosystems (Karr
and Roth 1971, Rotenberry and Wiens 1980, Wiens and Rotenberry 1981, Rosenzweig 1995,
Patterson and Best 1996, Estades 1997), and the relationship between image texture and foliage
height diversity is positive (Pidgeon, unpublished data). We were unsure of the direction of
these relationships in the grassland-savanna-woodland mosaic at Fort McCoy, and therefore we
initially tested the relationship between foliage height diversity and image texture.

An infrared air photo (~ 1 m resolution) from August 2006 and a Landsat TM (hereafter
Landsat) scene (30 m resolution) acquired July 13, 2009 were used for all image texture
analyses. From the Landsat satellite image we retained six spectral bands: Band 1 (Blue-green),
Band 2 (Green), Band 3 (Red), Band 4 (Near-infrared), Band 5 (Mid-infrared), and Band 7 (Mid-
infrared Additionally, because numerous studies have shown a response by birds to vegetation
biomass and greenness (Lee et al. 2004, Seto et al. 2004, Szep et al. 200), we calculated the
Normalized Difference Vegetation Index, or NDVI, which characterizes biomass, using the
following formula (Tucker 1979):

Near-infrared (Band 4) — red (Band 3)
Near-infrared (Band 4) + red (Band 3)

To summarize image texture, we used two approaches. The first was the plot approach,
which is a simple summarization of raw digital number values from the infrared air photo values
within the 100 m radius plot by mean or standard deviation. In the second approach we
employed a moving window. Here, a texture measure is calculated within a window that
constitutes a subset of the plot, and assigned to the central pixel. The window then shifts location
by one pixel and the process is repeated. As in the plot approach, these numbers were then
summarized by mean or standard deviation.

Since the scale (as represented by window size) of an image texture metric may affect the
strength of its relationship with vegetation structure, several window sizes were examined. Image
texture from the infrared air photo was calculated in 3x3, 7x7, 15x15, 21x21, 31x31, and 51x51
moving windows. Image texture from the six Landsat spectral bands and the NDVI was
calculated in 3x3 windows, 5x5, 7x7, and 11x11 windows, the final size approximating the
extent of the 100 m radius sample area surrounding each point. We did not use larger window
sizes for the Landsat texture because large window sizes coupled with the 30 m pixel size would
have incorporated land far outside the 100 m radius area covered by ground vegetation structure
sampling. Texture measures were selected based on their demonstrated ability to characterize
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vegetation (Kuplich et al. 2005, Lu and Batistella 2005, Tuominen and Pekkarinen 2005, Ge et
al. 2006, Dobrowski et al. 2008). The first-order measures included variance, mean, and entropy.
We calculated eight second-order texture measures (Table 1). The tool ‘zonal statistics’ in
ArcGIS 9.1 was used to summarize the mean and standard deviation of each texture measure
within each 100 m radius sample point area.

Table 1.: Eight second-order measures of image texture, calculated from a gray-level co-occurrence
matrix (GLCM) ordered by texture group, with description of what they measure, and the statistic formula.
Measures in bold were retained for comparison with field-measured vegetation structure characteristics.

Second-order  Statistic Description of
Texture Group statistic Behavior Statistic Formula'
Contrast Group

A measure of the amount N —1 N N

of local variation in tone 2 .
Contrast values among neighboring S n S ) S ) p(, j)

pixels. It is the opposite of n—0 i—1 j—1

homogeneity.

=il

Similar to contrast and

Dissimilarity inversely related to N1 N N oo
homogeneity. E n E E p(, j)
n= i=1 j=1
A measure of 1 ..
Homogeneity ~ homogenous tone values ZZ . .2 p(h J)
across an image. ] 1+(i-))
Descriptive Statistics .. ..
Group ZZ('J)p(L J)_ﬂxﬂy
Linear dependency of i
Correlation tone values on those of
neighboring pixels. OxOy
N —1
Gray level average in the -
Mean GLCM window. z : P (I ! J)
i, j=0
Variance Gray level variance in the N3 ) 5
: GLCM window. E pi j (i —44)
i,j=0
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Table 1: continued

Second-order  Statistic Description of
Texture Group statistic Behavior Statistic Formula'

Orderliness Group

Second locally homogenous.
Moment Similar to Homogeneity.

Angular High when the GLCM is ZZ ﬁ(l i) 3
o]

tone values of the GLCM
have varying values.
Opposite of angular
second moment.

Shannon-diversity o o
entropy. High when the - ZZ p(i, Dlog(p(, j))
Entropy i

"From Haralick et al. (1973)

Since many first- and second-order statistics, calculated in several window sizes, were
generated from each image, we first investigated the correlation among scales of each texture
measure, and the correlation between different texture measures. Spearman rank correlation was
used as a data reduction method to reduce the pool of texture metrics considered to only those
with the highest probability of characterizing ground-measured vegetation structure. We
eliminated from further consideration one of each pair of texture measures that were strongly
correlated. As a rule, we retained the smallest window size for all remaining analysis. The
smaller window sizes capture heterogeneity of tone values over small extents and since
vegetation structure can change rapidly in this study system, we felt the smaller window size best
matched the scale of our vegetation sampling

One-way analysis of variance (ANOVA), with habitat type as the treatment, was used to test
for differences in the means of the indices of vegetation structure and texture, from both the
infrared-air photo and the Landsat data. Significant ANOV As were followed by using Tukey’s
adjustment for multiple comparisons. Levene’s test was used to assess the equality of variance.

We used linear regression models to determine the amount of variance in ground measured
vegetation structure that was associated with image texture metrics among and within habitats. If
assumptions of constant variance (i.e., homoscedasticity) could not be met, models were
excluded from analysis. If assumptions of linear relationships were not met, second-order
polynomial (i.e., quadratic term) linear regression models were fit. We used an information
theoretic criterion (AIC,) to rank models (Burnham and Anderson 2002).

The role of remotely sensed data in accounting for avian patterns at Fort Bliss and Fort McCoy
Landscape indices have been shown to account for variation in avian patterns, particularly in

ecosystems where patches have clearly defined edges (e.g. forests, agriculture) and so we
conducted a thorough analysis of their usefulness in explaining variation in patterns of bird
species at Fort Bliss. We did not conduct a parallel analysis involving landscape indices at Fort
McCoy because the results from Fort Bliss suggested these indices had very poor explanatory
power in the broad ecotones of the Chihuahuan Desert (Appendix A(1)). Fort McCoy in
Wisconsin has similar gradual change in proportion cover among habitats.
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For the avian community at both installations, we assessed the relationship between bird
species richness and image texture, as well as the relationship between individual bird species
abundance and image texture. Below we detail the methods at Fort Bliss first, and at Fort
McCoy second.

At Fort Bliss we calculated 14 first- and second-order texture measures in eight different
window sizes on a set of digital orthophotos (resolution of ~1 m) acquired in 1996. For each of
the 42 plots, we summarized mean and standard deviation of each texture value within multiple
window sizes. The relationship between image texture and average bird species richness was
assessed using linear regression models. We then used multiple regression models to predict
species richness as a function of multiple texture measures. For the univariate linear models we
conducted model selection using the information theoretic approach. For both the univariate and
multiple regression models, we assessed how well the models performed using adjusted R?
values.

We next conducted an analysis at Fort Bliss to evaluate the usefulness of measures of
habitat structure and productivity derived from Landsat TM satellite imagery. In addition to
using six Landsat bands individually, we used NDVI1 as the basis of first-order and second-order
image texture measures. Image texture summarization for the six Landsat TM bands and NDVI
was accomplished using both the plot approach (simple summarization by mean or standard
deviation), and the moving window approach. We thereby assessed texture at two spatial scales.
The smallest scale, 0.81 ha (the size of a 3x3 window), corresponds roughly to the home range
size of several bird species found in the study area.

The process of calculating image texture at Fort McCoy followed that outlined in the section
“Testing the relationship between foliage height diversity and image texture at Fort McCoy,”
above

In the analysis of this data we used Bayesian model averaging (BMA) to evaluate the
relative contribution of measures of habitat structure and plant productivity for determining bird
species richness. We fitted four models for each Landsat band as well as for NDVI: 1) a
combination of texture measures only (i.e. 14 texture measures) both at the plot (simple) and
window levels (struct, and structy,), and 2) a combination of measures of habitat structure and
productivity (mean NDVI) at the plot and window levels (struct,_prod,and struct,,_prod). We
proceeded this way because we were first interested in comparing the predictive ability of texture
alone, and then we wanted to compare the relative contribution of habitat structure and plant
productivity for predicting patterns of species richness. We included quadratic terms for the
variables for which including a quadratic term significantly improved univariate linear models.
We conducted the Bayesian model averaging analysis using the R package BMA (R
Development Core Team 2005). . We modified the BMA procedure to consider only models
containing up to five predictor variables to prevent overfitting the data. Bayesian information
criterion (BIC) values are used to calculate approximate posterior model probabilities for each
fitted model (M;) using the following formula:

Pr(M. | Data) ~ exp(-BIC, / 2)x,

> exp(-BIC; /2)x,
i

where pi is the prior probability for each model (Link and Barker 2006). We chose uniform prior
probabilities (1/ R; where R is the total number of models fitted) because we had no a priori
reason to favor one model over another. Using a method proposed by Madigan and Raftery
(1994), a set of parsimonious, data-supported models, is defined using the Occam’s window
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approach with C=20. This set of models is then used for calculating averaged coefficient
estimates with their respective standard deviations, and posterior probabilities for each variable
(i.e. the probability that a coefficient is different from zero). We used these posterior
probabilities as an indication of the relative contribution of each explanatory variable among the
set of input variables in the model for explaining bird species richness. To compare the results
with traditional classification-based approaches, we also fitted BMA models using the three
landscape indices (number of habitat types, edge density, and proportion of dense habitat)
calculated within each plot. We did not include proportion of sparse habitat because it was
directly related to the proportion of dense habitat.

To evaluate predictive ability we used a leave-one-out cross-validation (LOOCV)
approach to evaluate the predictive ability of the set of best fitting models (i.e. those selected
based on the Occam’s window criteria of C=20). The LOOCYV approach was chosen rather than a
k-fold approach because of the low number of observations (n=42). We predicted the value of
the i" observation using the regression coefficients obtained by fitting the model leaving the i"
observation out (So and Karplus 1997). We compared the predictive ability of each fitted model
using the standard error of cross-validation prediction calculated as follows:

oPRESS =

where vy; is the value of the i observation, ¥ it the predicted value of the i observation using the
reduced model, N = the number of observations (here N = 42), n = the number of predictors in
the model (n=1, 2, 3, 4, or 5 in our case). The numerator in this equation corresponds to the
PRESS (Predicted Residuals Sums of Squares) statistic (Allen 1974). Here, we chose cPRESS
for comparing models rather than raw PRESS values because doing so allows comparing models
with different numbers of variables. Small GPRESS values indicate strong predictive ability. For
comparison purposes, we calculated the adjusted coefficient of determination (R%;) and the BIC
for the best predictive models used in the models averaging.

Fort McCoy analyses followed the procedures out lined for Fort Bliss analysis. Habitat
models were first built of bird species richness. We conducted a thorough analysis of the
relationship between image texture measures and bird species, and after inspection of these
results, we limited further model development to eight measures of image texture (plot level
texture, 2" order contrast, entropy, and variance, all summarized by both mean and standard
deviation. We analyzed the power of image texture calculated from both infrared aerial
photograph data and from NDVI (based on the satellite image), as well as ground measured
estimates of vegetation structure to account of patterns of avian species richness. We
subsequently developed univariate models of abundance from all three sets of predictive data (air
photos, satellite imagery, and ground-based data).

Finally, we developed broad-scale maps of abundance for a suite of species at each
installation. Habitat models were built to explain abundance and occurrence of thirteen bird
species on Fort Bliss, using the three years of avian point count data collected from 1996 to
1998. We summarized two types of variables to characterize components of bird habitat at the 42
study plots surveyed in the 1996-1998 breeding seasons (i.e., the plots used to build the statistical
models): habitat heterogeneity and elevation. To characterize habitat heterogeneity, we
quantified image texture in a 9x9 pixel window around each of the 12 point count stations within
a given study plot. We chose a 9x9 window because, with 30 m resolution pixels, the resulting
270 m? square window approximates the spatial coverage of one 150-m radius point count.
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We measured elevation from a 10-m resolution digital elevation model, and calculated the
mean and coefficient of variation in elevation within a 27x27 pixel window around each point
count station to approximate the spatial coverage of the point count and the image texture
window. We calculated coefficient of variation in elevation to obtain a measure of ruggedness.
We averaged the mean and coefficient of variation values obtained at a given plot across the 12
points to obtain plot-level measures of elevation.

Models included five measures of image texture and elevation variables,. We used
coefficient estimates obtained from Bayesian Model Averaging to build predictive maps of
abundance and probability of occurrence across the study area. Maps were validated using point
count data obtained from 42 independent study plots from 2006 to 2008. For each map, we
overlaid the point count locations from the second field campaign on the predictive maps of
abundance and probability of occurrence created from (1) each year of data separately (1996,
1997, and 1998) and from (2) a 3-yr average of the predictions. We then extracted the predicted
values of abundance and probability of occurrence at each point count from these maps for the
common and less common species respectively. We then averaged values of the 12 points for
each plot to obtain plot-level measures of abundance and probability of occurrence for each
model year and for the 3-yr average. We excluded from the validation set plots that contained
missing data (i.e., points that were on pixels where the value of any of the habitat variables was
outside the range of values of the original data used for building the models). This resulted in a
set of 38 plots for validating the models. We evaluated the predictive abilities of the abundance
models using the Mean Squared Error (MSE) between the predicted and the actual values on the
square-root scale as noted above. Low MSE indicates good predictive ability. We calculated the
area under the relative operating characteristic curves (AUC) to evaluate the predictive ability of
the logistic models (Pearce and Ferrier 2000). AUC values between 0.7 and 0.9 suggest that the
model discriminates presence-absence reasonably well, while values above 0.9 indicate very
good discrimination.

For Fort McCoy, we followed the methods outlined above to develop installation-wide maps
of abundance for three species; Grasshopper Sparrow, Eastern Bluebird, and Ovenbird.
Development of additional maps and validation of maps using cross-validation is ongoing.
Univariate models were developed using a set of four candidate texture measures, as well as
ground based measures. Maps of predicted abundance of bird species were developed from the
best image texture model for the species (elevation varies little across Fort McCoy, and thus was
not included in models.)

Analysis of the impact of phenological variation on texture measures.

Based on our work at both installations, and other recent studies (e.g., Estes et al, 2008),
measures of texture are well suited to quantify vegetation structure, and they are useful in models
of bird and other wildlife habitat use patterns. However, with increasing use of image texture it
must be noted that analysis involving images of different areas or multitemporal images of the
same area need to take into account factors that may affect texture measures. In particular, the
effect of phenology could significantly affect multitemporal analyses. This is both a challenge
and a useful fact; the potential upside of phenological variation is that texture differences among
multitemporal images could contain important information. We were interested in finding the
degree to which measures of image texture are robust to phenological change. In addition, we
were interested in understanding how phenology-related variability in texture measures differs
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across different biomes, window sizes, and spectral bands. We also compared the stability of
measures between biomes.

Three North American study sites were chosen, representing contrasting biomes: a desert
scrub region in New Mexico, a mix of deciduous and evergreen forests in Ontario, Canada, and
an area of deciduous forest and agriculture in Virginia. These sites correspond to Landsat TM
path 33 row 38, path 27 row 26, and path 16 row 33, respectively. The New Mexico site was
centered near Las Cruces, New Mexico, and includes areas of New Mexico, Texas, and
Chihuahua, Mexico, and was composed primarily of desert scrub. The Ontario study site covered
mostly southwestern Ontario with a small area of northern Minnesota also included, and was
covered primarily of forests and small lakes. The Virginia site included portions of western
Maryland, eastern West Virginia, and Virginia. The West Virginia portion of the image was
dominated by deciduous forests on slopes of the Appalachian Mountains, with some agriculture
in the valleys. Agriculture dominated most of the Virginia portion of the image, with some
mountainous deciduous forest, including nearly all of Shenandoah National Park. For each study
site, a collection of Landsat images was assembled; one image was chosen as the reference and
the others were georeferenced to that image. A suite of texture measures were calculated for
each of the images. Within each study site, the calculated texture measures were compared
among image dates on a pixel-by-pixel basis. For each study site, band, texture measure, and
window size combination, the coefficient of variation of each pixel was calculated among the
different image dates in order to assess the inter-date variability of the textures measures.

Results and Discussion

The relationship between foliage height diversity and image texture at Fort McCoy

Vegetation structure versus image texture-To compare and contrast the strength of
relationship between vegetation structure and image texture both within and among habitat types,
scatterplots were constructed of the highest Spearman rank coefficient between vegetation
structure indices and measures of image texture (Figure 9). Relationships between vertical
vegetation structure (foliage height diversity) and image texture were positive and linear within
and among habitat types. The relationships were less clear for horizontal vegetation structure
and foliage volume.

The airphoto- based metrics with the strongest ability to predict vertical vegetation structure
were second order variance and contrast, both summarized by mean (r’= 0.75 and 0.79,
respectively, both with p value < 0.01). Analysis of the satellite imagery revealed that plot based
Band 4 texture , summarized by the mean, was strongly related to foliage height diversity (r* =
0.74, p-value <0.01) and plot level Band 4 and NDV1 values, both summarized by the mean, ,
were also strong predictor of foliage height diversity (r* = 0.74, and r* = 0.71, respectively, with
p-value <0.01). These are relatively straightforward measures, and their use provides a way to
characterize approximately three quarters of the variance in vertical vegetation structure.

In analyses of the ability of image texture to capture vertical vegetation structure within the
three habitat types, we found that image texture was related to between 30 and 60 % of vertical
structure variation. The standard deviation of NDVI entropy captured about 35% of variation in
grassland structure. In savanna, approximately 30% of variation in ground measured vertical
structure was characterized by airphoto-based mean of contrast and variance, and was not well
characterized by satellite imagery. In woodland habitat, satellite image-based mean of Band 4
and mean NDVI were both related to 59% of variance in vertical structure.
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Figure 9. Scatterplots of vegetation structure variables vs. image texture values calculated from
an infrared air photo (row 1) and Band 4 and NDVI from a Landsat scene (row 2); A) foliage height diversity,
B) horizontal vegetation structure, represented by the variation of canopy heights measured in meters, and
C) vegetation volume, measured as the total accumulation (or number of 'hits")of vegetation at a sample
point,. Correlations among habitats (i.e., all sample points among three habitat types) were assessed using
Spearman-rank. The highest Spearman-rank correlation coefficient between texture measures and vegetation
structure is plotted. To show within and among habitat relationships between vegetation structure, least-
squares trend lines for linear relationships or second-order polynomial trend lines for quadratic relationships
are plotted..

Bird Species richness models

At Fort Bliss, bird species richness varied greatly across habitats, with lowest species
richness in grasslands, and highest richness in shrublands and pinyon-juniper. An average of 18
and 19 species occurred in black grama and mesa grasslands respectively. For the four
shrublands, an average of 20 species occurred in sandsage, 23 in both creosote and mesquite, and
25 in whitethorn. Species richness was much higher in pinyon-juniper, with 34 species on
average.Our analysis revealed that variation in bird species richness was strongly associated with
image texture.

In the analysis of airphoto-derived image texture, we found that both 1% order and 2™ order
texture measures had high predictive power. We also found that in general, there was no
substantial gain in explanatory power when texture measures were calculated on edge-enhanced
images over measures calculated on the unprocessed images. Single image texture measures
derived from airphotos accounted for up to 57% of the variability in species richness (Table 2).
Coupling elevation with a single texture measure (first order standard deviation, summarized by
standard deviation) accounted for up to 63% of the variability in bird species richness. (St-Louis
et al. 2006).
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Table 2. Results from univariate linear regression models relating species richness to single image texture at different moving window sizes. Cell
values represent the AICc w obtained for each individual window size for a given texture measure, for all models whose A AICc was smaller than 2.
The AIC weight of the best moving window for a given texture is in bold. Corresponding values of AlCc, adjusted R? and p-value are provided. The
texture measures that best predicted species richness are underlined.

Window
Summary  Measure size Best Best Best
.. 3x3 7x7 15x15  21x21  31x31 51x51 81x81 101x101 model model model
statistic type Texture . 2
AlCc adjusted R p-value
measure
Standard 1™ -~ SD 0.26 0.36 0.20 238.34 56.67 <0.001*
deviation order’ RG 0.57 256.56 33.14 <0.001 *
MIN 042 0.19 0.36 257.35 31.87 <0.001*
MAX 0.26 0.19 0.13 0.18 253.18 38.31 <0.001*
AVG 0.40 245.50 48.62 <0.001*
2 ASM 0.52 269.75 8.46 0.035
order’™  CON 0.12 026 0.20 0.16 0.12 263.34 21.43 0.001
COR 0.68 0.26 261.43 24.93 <0.001
DIS 0.21 0.33 0.23 0.13 255.64 34.60 0.002
ENT 0.39 0.51 264.45 19.32 <0.001
ICM1 0.75 241.21 53.61 <0.001*
ICM2 0.21 0.30 0.27 249.15 43.95 <0.001*
IDM Tt
SSV 0.32 0.40 0.23 240.73 54.13 <0.001*
Mean of 1*order SD 0.15 0.27 0.36 260.61 26.37 <0.001*
texture RG 0.10 0.12 0.16 0.22 0.26 264.01 20.17 <0.001
value MIN 0.11 0.14 0.17 0.18 0.18 0.18 264.43 19.36 <0.001
MAX 0.66 265.47 17.33 0.004
AVG
2 ASM 0.10 0.12 0.16 0.26 0.27 264.90 18.44 0.003
order CON 0.13 0.13 0.13 0.12 0.13 0.12 0.12 0.13 270.22 7.44 0.044
COR 0.28 0.46 259.44 28.40 <0.001
DIS 0.13 0.13 0.13 0.12 0.13 0.12 0.12 0.13 269.51 8.99 0.030
ENT 0.28 0.38 262.25 23.44 <0.001
ICM1 0.66 254.80 35.88 <0.001*
ICM2
IDM 0.13  0.12 0.13 0.12 0.13 0.12 0.13 0.12 269.77 8.43 0.035
SSV 0.27 0.43 261.88 24.10 <0.001

TFirst-order texture measures: SD = standard deviation, RG = range, MIN = minimum, MAX = maximum, AVG = average

fSecond-order texture measures: ASM = angular second moment, CON = contrast, COR = correlation, DIS = dissimilarity, ENT = entropy, ICM1 = information measure of
correlation 1, ICM2 = information measure of correlation 2, IDM = inverse difference moment, SSV = sum of squares variance

1" AICc is not shown for the models that were not significant from the linear regression analysis.
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* Indicates cases where the model was still significant after Bonferonni correction (i.e., p<0.00224)
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Table 3. Range of Rzadj, BIC, and 6PRESS values for the Fort Bliss species richness models used
to obtain posterior probabilities using the Bayesian Model Averaging (BMA) approach. The table presents
the results of models containing only measures of habitat structure at the plot (struct,) and window (struct,)
levels, and measures of habitat structure and productivity at the plot (struct, + prod,) and window (struct,, +
prod,) levels. The number of models (Nb. Mod) that were used in the model averaging based on the Occam’s
window criteria of 20 is also indicated.

Band Model Nb. Mod. R%.dj BIC oPRESS
Blue struct, 31 45.4-58 249-254 4.7-5.8
structy 13 78.8-81.4  214-220 2.9-3.1
struct, + prod, 22 74.3-79.1  222-227 3.1-35
struct,, + prody 11 80.9-83 213-218 2.9-3.3
Green structy 33 45.9-54 250-255 4.6-5
structy 41 56.2-63.3  242-248 4.2-4.9
struct, + prod, 23 77.1-82.4  215-220 29-3.1
struct,, + prody 15 79.8-82.2  210-215 2.8-3
Red struct, 22 53.4-56.7  244-250 4.2-4.5
structy 41 58.8-67.4  239-243 4-4.3
struct, + prod, 22 80.6-84.7  209-214 2.7-2.8
struct, + prody 21 84.4-85.6  203-208 2.6-2.7
NIR struct, 27 31.5-40.9  259-265 5-5.3
structy 40 38.1-46.4  256-262 4.8-5.1
struct, + prod, 23 80.3-84.6  209-214 2.7-2.9
struct, + prody 11 84.5-84.9  203-207 2.6-2.7
SWIR-TM5 struct, 42 60.3-72.3  233-238 3.5-4
structy 43 63-69.6 233-239 3.7-4
struct, + prod, 26 81.7-84.7  206-211 2.6-2.9
struct,, + prody 27 82-83.6 207-213 2.7-2.9
SWIR-TM7 struct, 11 55.8-64.6  237-243 3.9-4.2
structy 33 60-72.4 233-239 3.6-4.1
struct, + prod, 26 83.3-86.1  202-207 2.5-2.7
struct,, + prody 26 81-84.1 207-212 2.7-2.8
NDVI struct, 34 76.4-82.3  213-219 2.8-34
structy 22 75.8-80.9  217-223 3.1-34
struct, + prod, 22 85.5-87.4  196-201 2.4-3.2
struct,, + prody 26 82.4-86.3  204-209 2.6-2.8
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In the satellite image based analysis, because we wanted to evaluate both the contribution of
multiple measures of habitat structure and the relative importance of measures of habitat
structure versus plant productivity for predicting species richness, we fitted models with texture
alone (i.e., models struct, and struct,), and models that included texture and mean NDVI as a
proxy for plant productivity (i.e., models struct, + prod, and struct,,+ prod,). Measures of habitat
structure alone accounted for up to 81% (e.g., blue band) and up to 82% (from NDVI) of the
variability in bird species richness (Table 3).

Models built with the 3x3 window-level data had lower cPRESS values than those built
using the plot-level data for all bands except for the SWIR-TM5 band. For NDVI, the results
were very similar between the window and plot approach. These results suggest that models built
using larger window sizes (e.g., 5x5 and 11x11) showed no substantial improvement over the
smallest window size (3 x 3).

Models that incorporated both measures of habitat structure and plant productivity were
better predictive models than models that were based only on habitat structure alone for all bands
and for NDVI (Table 3). The models were very similar across all bands and for NDVI, both in
terms of sPRESS (as low as 2.4) and Rzadj values, although measures derived from NDVI
provided slightly better predictive models. Mean productivity (including its quadratic term) was
chosen as a variable in all best fitting models, as shown by its posterior probability of 100% in
all cases except for the blue band at the window level (Appendix A(2)). Combining up to five
measures of habitat structure and productivity accounted for up to 87.4% of the variability in bird
species richness (St-Louis et al. 2009).

A surprising result of this satellite imagery analysis was that the relationship between Near
Infrared band (NIR) texture and bird species richness in the Chihuahuan Desert was quite weak.
NIR is primarily sensitive to photosynthetically active vegetation, thus we were expecting a
strong relationship between variability in vegetation greenness as captured by NIR and bird
species richness. A possible explanation might be that, in this desert environment there is a very
low contrast between soil and vegetation in the NIR wavelength (Franklin et al. 1993). Dry,
bright soils can even induce NIR values that are greater than those of the vegetation present
(Franklin et al. 1993). Because of the low contrast of the NIR band in this ecosystem the strong
relationship between NDVI texture and bird species richness might depend more on the red
band, which has lower reflectance values where there is high vegetation cover (Franklin et al.
1993). The mean red reflectance value is, in fact, very low for pinyon-juniper habitat in our study
area, and higher for the grassland habitat. For the purpose of monitoring biodiversity, we can
conclude from our results that NDVI is a suitable measure for capturing differences in
productivity across habitats in this ecosystem.

At Fort McCoy, bird species richness ranged from as low as four species in grassland plots
to as high as 36 species in savanna plots. The best models of species richness were derived from
air photo data, and accounted for 52% of variability, while the best satellite image-based derived
model, using the image texture measure NDVI contrast, accounted for 20% of variation (Figure
10). Not only was less variation in avian patterns explained in univariate models (57% at Fort
McCoy vs 81% at Fort Bliss), but the strength of the two remotely sensed data products was
reversed. Satellite image-based texture best characterized avian species richness in the
Chihuahuan Desert, while air-photo-based texture performed best in the Wisconsin prairie-
savanna-woodland ecosystem. We were surprised to find that at Fort McCoy where we explicitly
tested the power of foliage height diversity and its derivatives to account for avian patterns, bird
species richness was slightly better predicted by horizontal diversity (i.e., the standard deviation

21



of the height of vegetation at a plot), than by foliage height diversity per se, although image
texture was the best predictor (Table 4).
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Figure 10. Scatterplots of predicted density of Grasshopper Sparrow at 32 grassland sample plots,
Field Sparrow at 82 savanna plots, and Ovenbird at 52 woodland sample points, and bird species richness at
166 sample plots versus texture measures derived from infrared air-photo (left column), and NDVI (right
column). A ground-collected vegetation metric, total vegetation volume, was superior to NDVI in predicting
Field Sparrow density, therefore a scatterplot for this relationship is shown. The black lines represent results
from linear regression with least-squares fitted and 2" order polynomial lines.
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Table 4. Fort McCoy species richness models. Fort McCoy results from univariate linear regression models relating species richness to
image texture metrics at different window sizes. Three 2™ order texture measures, contrast, entropy, and variance were calculated on an infrared 1
meter resolution air photo or on 2) a vegetation index, NDVI from a Landsat TM scene and summarized by the mean and standard deviation in a 100 m
radius circle surrounding sample points. The plot level texture is summarized by the mean and standard deviation, with no moving window analysis.
Three ground based structural vegetation measures, vertical and horizontal diversity, and biomass are included to compare the amount of variance

explained versus image texture metrics.

Texture

Image Source  Summary Statistic Measure Window Size

Best
model p-
value

No Moving

Infrared Window

Mean Plot
Contrast
Entropy
Variance

Standard deviation Plot
Contrast
Entropy
Variance

No Moving

NDVI Window

Mean Plot
Contrast
Entropy
Variance
Standard deviation Plot
Contrast
Entropy
Variance
Ground Based Vegetation Measurements ©  Vertical Diversity
Horizontal Diversity
Biomass

0.12

3x3

0.47

3x3

0.17

0.32
0.40

X7

5x5

0.12

15x15

0.38
0.52

X7

0.05

21x21 31x31 51x51

0.50 0.46 0.37 <0.001

11x11
<0.001

<0.001

<0.001
<0.001

T Columns that are not populated with model metrics indicate non-significance at the 5 % alpha level, or the assumptions of linear models could not be met
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Species distribution models and maps of predicted probability of occurrence and abundance

Habitat models were built to explain abundance and occurrence of thirteen bird species on
Fort Bliss, using the three years of avian point count data collected from 1996 to 1998. Predictive
maps based on habitat models of abundance (Figure 11, Figure 12) and probability of occurrence
(Figure 13, Figure 14) across the study area is shown. Validation of the predicted abundance
models comparing mean square error of predicted and actual values showed generally small error
values, suggesting overall very good predictive power.

BRSP 1996

BRSP 1998

CONI 1996

SCOR 1996

Figure 11. Predicted abundance of three species on McGregor Range of Fort Bliss. Pixels are 900
x 1200 m (108 ha). Darkest brown color indicates high abundance in each 108 ha plot (maximum is indicated
by bar to the right of each row of maps), and lightest yellow indicates a predicted abundance of zero. Species
acronym key: BRSP Brewer’s Sparrow; CONI Common Nighthawk; SCOR Scott’s Oriole.
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Figure 12. Predicted abundance of three additional species on McGregor Range of Fort Bliss.
Pixels are 900 x 1200 m (108 ha). Darkest brown color indicates high abundance in each 108 ha plot
(maximum is indicated by bar to the right of each row of maps), and lightest yellow indicates a predicted
abundance of zero. Species acronym key: BTSP Black-throated Sparrow; EAME Eastern Meadowlark;

WEKI Western Meadowlark.
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BLGR 1996 BLGR 1598

LASP 199 LASP 1998

Figure 13. Predicted probability of occurrence of three bird species on McGregor Range, Fort
Bliss. Pixels are 900 x 1200 m (108 ha). Darkest brown indicates highest probability of occurrence, while
lightest yellow indicates no probability of occurrence. Species acronym key: BLGR Blue Grosbeak; CAKI
Cassin’s Kingbird; LASP Lark Sparrow.
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GTTO 1996 GTTO 1997 GTTO 1998
. - e H g

WIWA 1996 WIWA 1997

Figure 14. Predicted probability of occurrence of six more bird species on McGregor Range, Fort
Bliss. Pixels are 900 x 1200 m (108 ha). Darkest brown indicates highest probability of occurrence, while
lightest yellow indicates no probability of occurrence. Species acronym key: GTTO Green-tailed Towhee;
LENI Lesser Nighthawk; WIWA Wilson’s Warbler.
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Figure 15. Maps of predicted species abundance were validated by comparing counts predicted at
42 new study plots (“test data” in figure, obtained in 2006 — 2008) against counts obtained in 1996-1998 at 42
original plots (“model data” in figure). The mean square error is the square of the difference between
predicted and observed values. So, for example, a mean square error of 4 indicates a difference of
approximately two individual birds per 108-ha plot. Key to four letter bird species codes are in list of
acronymes.

Differences ranged from approximately one to two individuals per plot for the three year
averages of Western Kingbird, and Scott’s Oriole, to approximately four birds per plot for Black-
throated Sparrow, the most common species (Figure 15). The performance of models of bird
species occurrence was less consistent. We obtained ‘good’ and ‘very good’ predictive power
for some species in some years (e.g., Lark Sparrow, Lesser Nighthawk) but inconsistent
predictive power among years for other species (e.g. Cassin’s Kingbird) and poor results for one
species (Green-tailed Towhee) (Table 5). The three-year average of the predictions produced
similar, if not higher performance as judged by the validation data, than models obtained from
individual years.

The relative contribution of predictive variables for explaining the abundance and occurrence
of birds varied across species and across years (Table 6). The contribution of specific measures
of NDVI texture varied across species and years, although 1% order mean and coefficient of
variation contributed to models more frequently than other measures. Mean and variability in
elevation contributed highly to the models for Black-throated Sparrow, Eastern Meadowlark,
Lark Sparrow, Lesser’s Nighthawk, Scott’s Oriole, and Western Kingbird.
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Table 5. Validation of probability of occurrence maps, Fort Bliss. Area under the relative
operating characteristic curve (AUC) values obtained to validate the probability of occurrence maps created
using measures of texture and elevation for six species. The predicted probabilities of occurrence obtained
using models built with the 1996, 1997, and 1998 data were validated using data collected in 2006, 2007, and
2008 respectively. A 3-yr average of the predictions was also calculated and validated using the same data. A
prediction is considered “good” when the AUC is equal or larger than 0.70, and “very good” when the AUC is
equal or larger than 0.90.

Predictive
AUC accuracy
Model used to make Year of the (Texture (Texture
Species predictions validation data measures) measures)
BLGR? 1996 2006 0.72 good
2007 0.60
2008 0.43
1997 2006 0.70
2007 0.62
2008 0.39
1998 2006 0.65
2007 0.47
2008 0.61
Average of the three years 2006 0.72 good
2007 0.59
2008 0.46
CAKI 1996 2006 0.76 good
2007 0.58
2008 0.57
1997 2006 0.75 good
2007 0.58
2008 0.57
1998 2006 0.81 good
2007 0.62
2008 0.59
Average of the three years 2006 0.77 good
2007 0.55
2008 0.58
GTTO 1996 2006 0.61
2007 0.63
2008 0.50
1997 2006 0.64
2007 0.53
2008 0.68
1998 2006 0.49
2007 0.47
2008 0.70
Average of the three years 2006 0.57
2007 0.56
2008 0.62

29




Table 5, continued

Predictive
AUC accuracy
Model used to make Year of the (Texture (Texture
Species predictions validation data measures) measures)
LASP 1996 2006 0.72 good
2007 0.96 very good
2008 0.94 very good
1997 2006 0.73 good
2007 0.79 good
2008 0.72 good
1998 2006 0.72 good
2007 0.95 very good
2008 0.95 very good
Average of the three years 2006 0.85 good
2007 0.93 very good
2008 0.92 very good
LENI 1996 2006 0.67 good
2007 0.64
2008 0.57
1997 2006 0.73 good
2007 0.64
2008 0.54
1998 2006 0.75 good
2007 0.64
2008 0.56
Average of the three years 2006 0.73 good
2007 0.65
2008 0.56
WIWA 1996 2006 0.52
2007 0.49 very good
2008 0.65
1997 2006 0.63
2007 0.74
2008 0.17
1998 2006 0.56
2007 0.46 very good
2008 0.71 good
Average of the three years 2006 0.57
2007 0.50 very good
2008 0.66

® ATFL = Ash-throated Flycatcher, BLGR = Blue Grosheak, BTSP = Black-throated Sparrow, BRSP =
Brewer’s Sparrow, CAKI = Cassin’s Kingbird, CONI = Common Nighthawk, EAME = Eastern Meadowlark,
GTTO = Green-tailed Towhee, LASP = Lark Sparrow, LENI = Lesser Nighthawk, SCOR = Scott’s Oriole, WEKI =
Western Kingbird, and WIWA = Wilson’s Warbler.

30




Table 6. Mean density of birds at Fort McCoy. Mean density (z SE) per 0.3 ha plot, adjusted for detectability, as well as species richness
and Shannon diversity, for vegetation types distributed along an open to closed canopy cover continuum. Species with same superscript (A-C) do no

differ significantly in density between habitats (one-way ANOVA, P > 0.05).

Species Sand Prairie Oak Savanna Oak Woodland
Baltimore Oriole (Icterus galbula) 003 =+ 0.01° 1.21 + 021" 027 + 0.07°
Brown-headed Cowbird (Molothrus ater) 019 =+ 0.09" 227 + 0.40° 1.14 =+ 0.15°
Brown Thrasher™ (Toxostoma rufum) 0 =+ 0 045 + 0.09 0 =+ 0
Clay-colored Sparrow'"™ (Spizella pallida) 0.16 + 0.03" 013 + 0.02° 0 + 0
Chipping Sparrow (Spizella passerina) 025 =+ 0.09" 111 + 0.14° 021 =+ 0.04"
Dickcissel T (Spiza americana) 030 =+ 0.04 003 =+ 0.01° 0 +* 0
Eastern Bluebird (Sialia sialis) 0.16 + 0.03" 091 + 0.4° 0.02 =+ 0.01
Eastern Kingbird (Tyrannus tyrannus) 0.10 + 0.06" 050 + 0.07° 0 + 0
Eastern Meadowlark "™ (Sturnella magna) 028 + 0.03 006 =+ 0.03 0 + 0
Eastern Towhee (Pipilo erythrophthalmus) 0.05 =+ 0.03 0.82 + 0.06" 054 + 0.06°
Eastern Wood-Pewee' (Contopus virens) 0 + 0 014 + 0.02* 047 + 0.03°
Field Sparrow'"™ (Spizella pusilla) 051 + 0.14% 431 + 1.24° 045 + 013"
Great-crested Flycatcher (Myiarchus crinitus) 0 + 0 0.08 =+ 0.03* 024 + 0.04°
Gray Catbird (Dumetella carolinensis) 004 =+ 0.02° 088 =+ 0.29 002 =+ o0.01"
Grasshopper Sparrow'™” (Ammodramus Barrensrum) 6.34 =+ 118" 0.87 + 0.12° 0 =+ 0
Horned Lark (Eremophila alpestris) 072 + 0.12 0 + 0 0 + 0
House Wren (Troglodytes aedon) 004 =+ 0.03f 050 =+ 0.17 0.05 =+ 0.04
Indigo Bunting (Passerina cyanea) 009 =+ 0.10° 1.20 + 0.15° 081 =+ 0.16°
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Table 6, continued

Species Sand Prairie Oak Savanna Oak Woodland
Lark Sparrow” (Chondestes grammacus) 004 =+ 0.05 026 =+ 0.10 0 =+ 0
Mourning Dove (Zenaida macroura) 022 + 0.03* 041 + 0.03° 0.05 + 0.04
Orchard Oriole (Icterus spurius) 0 * 0 044 £ 0.06 0 + 0
Ovenbird (Seiurus aurocapillus) 0 * 0 0 * 0 1.3 + 0.16
Rose-breasted Grosheak'* (Pheucticus ludovicianus) 0 =+ 0 027 + 0.04" 0.74 + 0.16°
Red-eyed Vireo (Vireo olivaceus) 0 + 0 003 =+ 0.04° 1.07 = 0.19
Red-headed Woodpecker’™  (Melanerpes erythrocephalus) ~ 0.01 + 0.01° 008 =+ 0.017 0.02 =+ 0.02
Scarlet Tanager (Piranga olivacea) 0 * 0 010 =+ 0.03° 050 £ 0.05
Upland Sandpiper (Bartramia longicauda) 023 £ 0.03 003 =+ 0.02 0 + 0
Vesper Sparrow'"” (Pooecetes gramineus) 1.16 + 0.15° 152 + 0.38° 0 + 0
Diversity

Species Richness 12.81 + 0.76" 24.03 + 0.56° 17.04 + 0.71°
Shannon Diversity 226 + 0.05" 3.00 + 0.04° 270 + 0.05°

Notes: Superscript A-C: species with same superscript do no differ significantly between habitats (one-way ANOVA, P > 0.05).

"= Unadjusted density

" = Partner’s in Flight (PIF) Priority Species

" = Species of Greatest Conservation Need (SGCN) for Wisconsin's Comprehensive Wildlife Conservation Plan
(http://www.wisconsinbirds.org/plan/species/priority.htm)
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For the Loggerhead Shrike, a species that is of conservation concern because it is declining
over much of its range, we developed habitat models and assessed the degree to which adult
abundance is an indicator of habitat quality, as determined by reproductive success. We also
examined at which scale — local, intermediate, or broad- this species most strongly responds to
habitat. We found that Shrike abundance is indeed an indicator of fitness, but that there was a
clear absence of a relationship between habitat variables and nest-based measures of fitness. we
also found that local-scale (those measured in the field, e.g., foliage height diversity and forb
cover) and intermediate-scale (the image texture-based measure mean NDVI), but not broad-
scale (e.g. landscape indices including proportion of grassland, and edge density) habitat
variables explained Shrike occurrence (Table 7; St-Louis et al. 2010).

Table 7. Loggerhead Shrike on Fort Bliss: the spatial scales at which habitat was assessed, that
best explained occurrence of adults and nests.

Rank of Habitat Scale
(Bayesian Information Criterion)
Occurrence 1996 Intermediate > Local> Broad
of Shrike 256 253 260
adults
1997 Intermediate > Local> Broad
196 201 203
1998 Local > Intermediate> Broad
181 185 188
Occurrence 1996, 1997 Intermediate= Broad
of shrike 1998 Intermediate
nests

Patterns of density of bird species at Fort McCoy reveal distinct patterns of habitat use. For
example one set of birds clearly use savanna more than other species during the breeding seasons
(e.g., Baltimore Oriole, Brown-headed Cowbird, Brown Thrasher, Eastern Bluebird, and Gray
Catbird), whereas other species, represented by Grasshopper Sparrow, use grassland
predominantly. Rose-breasted Grosbeak and Ovenbird are examples of species that use
woodland primarily. Univariate models of species abundance at Fort McCoy were developed
using a set of four texture measures, as well as ground based measures. We found that up to 50%
of variation in Grasshopper Sparrow abundance was accounted for by airphoto-based image
texture. Single variable models predicted field sparrow abundance poorly, and accounted for up
to 20% of variation in Ovenbird abundance (Table 8). While image texture-based models did not
account for >50% of variation in any of these species, models based on image texture did
outperform or equal the explanatory power of models based on ground measured variables in
every case. Maps derived from these models are shown for representative species of the three
habitat structural classes (Figure 16).
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Table 8. Fort McCoy models of abundance. Results from univariate linear regression models relating Grasshopper Sparrow, Field Sparrow,
and Ovenbird density to image texture metrics at different window sizes (1x1 indicates no moving window). Three 2" order texture measures, contrast,
entropy, and variance were calculated on an infrared 1 meter resolution air photo or 2) a vegetation index, NDVI from a Landsat TM scene and
summarized by the mean and standard deviation in a 100 m radius circle surrounding sample points. The simple texture is summarized by the mean
and standard deviation, and not a moving window analysis. In addition, three ground based structural vegetation measurements, vertical and

horizontal diversity, and biomass are included to compare the amount of variance explained versus image texture metrics.

Grasshopper Sparrow

Best
Image Texture model
Source Summary Statistic Measure Window Size p-value
Infrared 1x1 3x3 7X7 15x15 21x21 31x31 51x51
Mean Plot 0.26 <0.001
Contrast 0.16 0.17 0.17 0.20 0.20 0.26 <0.001
Entropy 0.11 0.028
Variance
Standard deviation Plot
Contrast 0.40 0.40 0.38 0.40 0.42 0.49 <0.001
Entropy 0.14 0.004
Variance 0.44 0.38 0.34 0.33 0.33 0.34 <0.001
NDVI 1x1 3x3  5x5 X7 11x11
Mean Plot
Contrast 0.34 0.31 0.001
Entropy 0.19 0.019
Variance 0.33 0.002
Standard deviation Plot
Contrast
Entropy
Variance 0.14 0.046

Ground based vegetation
measurement’

Vertical Diversity
Horizontal Diversity
Biomass
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Table 8, continued

Field Sparrow

Best
Image Texture model
Source Summary Statistic Measure Window Size p-value

Infrared 1x1 3x3 7Ix7 15x15 21x21 31x31 51x51

Mean Plot
Contrast 0.09 0.09 0.09 0.09 0.09 0.010
Entropy
Variance 0.09 0.06 0.05 0.05 0.011

Standard deviation Plot
Contrast
Entropy 0.14 0.005
Variance 0.04 0.042

NDVI 1x1 3x3 5x5 7x7  11x11
Mean Plot
Contrast
Entropy
Variance
Standard deviation Plot
Contrast
Entropy
Variance
Ground Based Vegetation
Measurements Vertical Diversity
Horizontal Diversity
Biomass 0.14 <0.001

" Columns that are not populated with model metrics indicate non-significance at the 5 % alpha level, or the assumptions of linear
models could not be met.
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Table 8, continued

Ovenbird
Best
model
Image Texture p-
Source Summary Statistic Measure Window Size value
Infrared ' 1x1 3x3  7x7 15x15 21x21 31x31 51x51
Mean Plot
Contrast 0.17 0.18 0.18 0.18 0.18 0.19 0.002
Entropy 0.17 0.07  0.003
Variance
Standard deviation Plot
Contrast 0.09 0.028
Entropy
Variance
NDVI 1x1 3x3 5x5  7x7  11x11
Mean Plot 0.14 0.010
Contrast 0.16 0.19 014 0.15 0.002
Entropy 0.06 0.11 0.11 0.17 0.002
Variance 0.18 0.12 0.001
Standard deviation Plot
Contrast 0.14 0.10 0.20 0.002
Entropy
Variance 0.15 0.003
Ground Based Vegetation
Measurements Vertical Diversity 0.10 0.009

Horizontal Diversity
Biomass

" Columns that are not populated with model metrics indicate non-significance at the 5 % alpha level, or the assumptions of linear

models could not be met.
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Figure 16. Maps of predicted average abundance of three species at Fort McCoy, WI.
Grasshopper sparrow (left), Eastern bluebird (middle) and Ovenbird (right). Darkest brown color
indicates high abundance in each 3.14 ha plot (maximum is indicated by bar to the left of each map),
and lightest yellow indicates a predicted abundance of zero.

Our results suggest that measures that account for variability within landcover classes
reflect fine-scale patterns of species abundance and occurrence that may not apparent in
maps based on models using landcover variables only, while retaining a broad-extent
perspective. Habitat maps derived from classified satellite imagery are useful for
generating patterns of species distribution at broad spatial extents but have limitations for
addressing specific management or research questions when a finer spatial resolution is
needed. The predictive maps of abundance and probability of occurrence that we derived
reveal that abundance and occurrence of birds can be highly variable within land cover
classes. These maps are thus useful in uncovering patterns of consistency and
inconsistency in habitat use by a species.

The impact of phenological variation on texture measures.

In our study of three North American biomes, we found that inter-seasonal variability
of texture measures was high overall indicating that care must be taken when using
measures of texture at different phenological stages. This finding suggests that, to
minimize the effect of phenological variation on texture measures, imagery used for
comparisons should be selected for the same date or phenological stage. Special attention
should be paid to land cover types, such as agriculture, that show high interseasonal or
interannual variability. Certain texture measures, such as first-order mean and entropy
(Figure 17) as well as second-order homogeneity, entropy, and dissimilarity (Figure 18),
were more robust to phenological change than other measures. Interseasonal variability in
texture measures was relatively unaffected by the window size chosen for the texture
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calculations. This allows the flexibility to choose a window size based on a spatial
scale(s) that is appropriate for a specific research question (Culbert et al. 2009).

Seasonal Variation in First-Order Textures
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Figure 17 Mean image-wide coefficient of variation of first-order texture measures
averaged across bands and three window sizes, for three study sites (New Mexico, Ontario, and
Virginia). Entropy and mean had the lowest coefficient of variation. The Ontario and New Mexico
study sites behaved similarly. Variation was generally higher in the Virginia site with a less distinct
ranking of texture measure robustness.

Seasonal Variation in Second-Order Textures
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Figure 18. Mean image-wide coefficient of variation averaged across bands and three
window sizes for each study site. Homogeneity and entropy were the most robust second-order

measures. The Ontario and New Mexico sites behaved similarly. The Virginia site had higher
variation and less distinction in robustness between different texture measures.
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Conclusions and Implications for Future Research

It has long been known that vegetation structure is a key characteristic which
influences habitat selection patterns of bird species. However, ornithologists and land
managers have lacked adequate methods for measuring vegetation structure, as
characterized by the foliage-height diversity method, across broad extents. This project
has highlighted the potential to integrate remotely sensed measures of habitat structure in
habitat models. We have identified strengths of this method, including the capability to
characterize habitat structure at fine resolution and broad extent, the flexibility to
summarize the digital numbers within remotely sensed data “as is”, or to calculate 1% or
2" order image texture measures that are subsequently summarized. We also identified a
particularly useful metric available from Landsat satellite imagery; image texture based
on the Normalized Difference Vegetation Index. Band 4 (near-infrared) of Landsat
imagery, is also strongly related to vegetation structure.

We found that habitat models based on image texture perform equal to or better than
models based on classified habitat maps for characterizing habitat use across broad
extents. Moreover, at Fort McCoy image texture based models performed better than the
ground measured predictor foliage height diversity, the most commonly used field
measurement in studies of avian habitat. There is a large array of image texture measures
from which to choose. In the two open canopy ecosystems in which we worked, we did
not find a particular set of texture measures that consistently and best characterized the
variability in vegetation structure, species richness, and individual species abundance.
This suggests that in each unique ecosystem, preliminary work will be required to
understand the measures that perform best for a particular monitoring or management
goal, whether it is to determine presence, distribution, or abundance of species of interest.

Natural disturbances, such as fires and hurricanes, are important in shaping habitat for
many species. Image texture, by virtue of its ability to characterize fine details, has great
potential for use in habitat models for species that apparently respond to subtle
differences in cover, such as the variations in cover after fire. Future research into the
usefulness of image texture for monitoring or characterizing post-disturbance habitat is
an avenue worthy of further study.

Another avenue for future research could be to exploit phenological differences
among air photos or satellite images, and to use texture measures from multiple seasons
to improve habitat models. Similarly, thought must be given to the time of year in which
remotely sensed data is best acquired for specific applications. For example, is imagery
acquired during the season that data on the response variable is collected (in this study,
breeding bird habitat use) in fact the best source of data for characterizing patterns?
Might imagery from just prior to use period be better, because it reflects conditions when
wildlife made habitat selection decisions?

However, while more work can be done, our study represents a major step forward
for habitat assessments across large areas. For DoD natural resource biologists image
texture is a source of information useful in estimating patterns of distribution of species
and communities of interest, and will contributes to more thorough future INRMPs.
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Appendix A — supporting material

Appendix A(1) . Adjusted R? from the relationship between average species richness and
image landscape indices from Melhop’s (1996) classification of habitats of McGregor
Range of Fort Bliss Military Reserve, New Mexico.

Landscape indices Adjusted R®

Classes present 0.97
Aggregation Index 3.24
Angular Second Moment 10.47
Avg. Polygon Perimeter-Area ratio

(corrected) -0.21
Avg. Polygon Perimeter-Area ratio 1.17
Contagion -0.94
Dominance 0.76
Edge Density 1.23
Edge Distribution Evenness 6.12
Fractal Dimension (Box) -1.91
Fractal Dimension (Perimeter-Area) -2.27
Inverse Difference Moment 7.95
Largest Polygon Index 8.76
Perimeter 2.73
Total Polygons 3.03
Mean Polygon Area 8.92
Std. Dev. Polygon Area 13.28
Median Polygon Area 2.66
First Quartile Polygon Area 2.14
Third Quartile Polygon Area -0.59
Minimum Polygon Area 4.84
Maximum Polygon Area 10.23
Mean Polygon Perimeter 7.37
Std. Dev. Polygon Perimeter 10.16
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Median Polygon Perimeter

First Quartile Polygon Perimeter
Third Quartile Polygon Perimeter

Minimum Polygon Perimeter
Maximum Polygon Perimeter
Relative Contagion

Relative Dominance
Shannon Weaver Diversity
Shannon Weaver Evenness
Mean Shape Index

Standard Deviation Shape Index
Median Shape Index

First Quartile Shape Index
Third Quartile Shape Index
Minimum Shape Index

Maximum Shape Index

0.23
0.91
-0.36
4.84
-0.15
6.11
5.25
9.53
5.34
0.00
-0.86
-2.43
1.21
-1.48
0.00
-2.42
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Appendix A(2). A measure of confidence in models of species richness at McGregor Range, Fort Bliss, developed from Landsat TM
imagery. Numbers in cells indicate posterior probabilities of habitat structure and productivity (Prod.) measures resulting from the
Bayesian Model Averaging approach for the models containing only texture measures at the plot (struct,) and window (structy,) levels,
and texture measures and mean NDVI also at the plot (struct, + prod,) and window (struct,, + prody) levels. The superscript numbers
in parenthesis indicate the posterior probabilities for the quadratic term, when it was included in the models.

Habitat structure Prod.

Band Model asm con  cor cv den dva ent icml icm2 idm mcc rg sen  sva ndvi
Blue struct, 6® 119 3 100 54 0 18 16 10 9 5 28% 20 52 NA*
struct, 59 5 6™ 100" 95 100 6 12 8 9 7 0 0® 0 NA

struct, + prod, 8% 19 14 69 28 0 12 4 22 10 1 19 13 15 1004%

struct, + prod, 39 0 3® 1009 100 100 3 6 4 4 4 0 0@ 0 3308

Green struct, 19 120 5 100 20 1 3 13 2 11 5 28 0 19%  NA
struct, 5 2 40“7 100 10 5 8 22 8 11 7 3 9 49 NA

struct, + prod, 19 50 0 72 22 0 19 28 13 36 7 0 20 18“ 1004

struct, + prod, 7 6 6" 98 7 0 7 7 0 2 8 2 0 6© 1000
Red struct, 3 2% 15 100 9 0 0 12 7 8 11 21 0 13 NA
struct,, 9 29 27 100 6 3 9 16 9 15 5 3 34 39 NA

struct, +prod, 8 09 2 99 14 8 16 17 8 30 7 14 6 24 1004

struct,+ prod, 16 09 50 100 2 6 10 13 13 4 27 0 9 0“ 100"
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NIR struct, 3 7% 10 100 3 5 3 3 4 3 0 57 2 149D NA
struct, 0 12 45 94 30 27 6 8 1 8 1 12 6 9 NA

struct, + prod, 2 23" 3 97 18 3 11 12 5 3 3 36 3 309 1000

struct, + prod, 0 7 6 100 6 6 6 6 6 0 6 6 0 7 100"
SWIR-TM5 struct, 169 83 5 48 19 109 43 14 49 79 o0 5 34 49  NA
struct, 2@ 33 150 15 4519 430 10O 30 o0 20 4 12 19 15 NA

struct, + prod, 5% 0 4 0 27 6° 11 13 10Y9 231 O 0 9 1949 1004

struct,+ prod, 3@ 0 6© 0 70 0@ 9® 18 4® 100 10 3 49 0 100"
SWIR-TM7 struct, 38 49 91 9 50 58 9 @180 2280 0 59 0 NA
struct, 7® 2 30 23 50 M 1409 7209 5geO 1209 1 3 0 3 NA

struct, + prod, 7% 5 0O 29 200 g2 13®9 o 0@ 5@ o® 33 15¢%® o  1000%

struct, + prod, 2@ 3 0© 69 10 70 20 @ @ & 28 20 6® 7 100"
NDVI struct, 49 509 50 0 20 6™ 19%9 ¢ 0 6 69 16™ 23 49 NA
struct, 0 99 32 100 0 9 3 19 7 4 3 100 3 9® NA

struct, + prod, 7% 2% 6 99 12 09 10® 5 2 6 15 09 2 6% 1004

struct,+ prod, 21 799 2 80 2 16 3 27 11 6 17 3© 15  3® 100"

* indicates that mean NDVI was not included in the model.




Appendix B — List of Scientific/Technical Publications
1. Articles in peer-reviewed journals
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2. Technical Reports
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