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Use of Normalized Difference Vegetation Index (NDVI)
Habitat Modeling to Predict Breeding Birds on the San
Pedro River, Arizona
By Tiffany Marie McFarland and Charles van Riper III

Abstract
Successful management practices of avian populations depend on understanding relationships
between birds and their habitat, especially in rare habitats, such as riparian areas of the desert
Southwest. Remote-sensing technology has become popular in habitat modeling, but most of these
models focus on single species, leaving their applicability to understanding broader community
structure and function largely untested. We investigated the usefulness of two Normalized Difference
Vegetation Index (NDVI) habitat models to model avian abundance and species richness on the upper
San Pedro River in southeastern Arizona. Although NDVI was positively correlated with our bird
metrics, the amount of explained variation was low. We then investigated the addition of vegetation
metrics and other remote-sensing metrics to improve our models. Although both vegetation metrics and
remotely sensed metrics increased the power of our models, the overall explained variation was still
low, suggesting that general avian community structure may be too complex for NDVI models.

Chapter 1: Introduction
Why Investigate Multi-Species Remote-Sensing Models in Desert Riparian Habitats?
Successful management practices depend on understanding how populations of animals are
distributed within their environment and specifically the relationships between animals and their habitat
(Kantrud and Stewart, 1984; Wiens and Rotenberry, 1985; Debinski and Brussard, 1994; Colwell and
Dodd, 1995). A key first step in conservation and management is to understand the availability,
distribution, and use of habitat. Understanding these relationships is especially important to the
conservation and management of species that are dependent on habitats in ecosystems that are rare or
threatened by degradation, such as riparian areas of the U.S. desert Southwest. Riparian woodlands,
predominantly of Fremont cottonwood (Populus fremontii) and Goodding’s willow (Salix gooddingii),
constitute a small percentage of the landscape, yet support a high diversity and high density of avian
species (Knopf and others, 1988). These riparian systems form ribbons of green vegetation in the
otherwise dry landscape and are used by birds as migratory stopover sites (Skagen and others, 1998;
Yong and Finch, 2002; DeLong and others, 2005) and as breeding habitat for many species (Strong and
Bock, 1990; DeSante and George, 1994), providing water, shade, food, and cover from predators.
However, riparian areas have been degraded because of stresses from agriculture, overgrazing, altered
hydrologic regimes, and the invasion of ornamental plants from the genus Tamarix, called “salt cedar”
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(Tamarix spp.) or “tamarisk,” beginning in the late 1800s (Robinson, 1965; Knopf and others, 1988;
Earnst and others, 2005; Stromberg and others, 2007). Tamarisk had been notoriously credited to many
negative ecological and economic effects (Cleverly and others, 1997; Shafroth and others, 2005)
because the plant can establish itself in dry, salty conditions when cottonwood and willow cannot
(Glenn and Nagler, 2005). When a river system is already subject to other stresses, such as altered
streamflow or high salinity, monotypic stands of tamarisk can form (Shafroth and others, 2002). Much
debate exists over what the management strategy of tamarisk should be (Shafroth and others, 2005), but
the plant generally has been viewed as unsuitable habitat for breeding birds (Hunter and others, 1988;
Ellis, 1995). However, new scientific evidence casts doubt on this view (Yard and others, 2004; Paxton
and others, 2007; Durst and others, 2008; Sogge and others, 2008; van Riper and others, 2008;).
Damage to southwestern riparian systems already has been linked to decreases in populations of
many avian species that rely on riparian habitat for any or all parts of the year (Knopf and others, 1988;
DeSante and George, 1994). For instance, the southwestern Willow Flycatcher (SWWF; Empidonax
traillii extimus) winters in tropical forests in Central America and comes north to the rivers and washes
of the Desert Southwest only to breed (Sedgwick, 2000), but without adequate breeding grounds, the
species is in decline (DeSante and George, 1994; Hatten and Paradzick, 2003). Many other species that
use these rivers during the breeding season also are showing signs of decline, including Bell’s vireo
(BEVI; Vireo bellii), Lucy’s warbler (LUWA; Vermivora luciae), and Abert’s towhee (ABTO; Pipilo
aberti) (Rea, 1983; Knopf and others, 1988; DeSante and George, 1994), all of which were listed on the
Arizona Audubon Watch List (http://az.audubon.org/arizona-watchlist-2007).
In avian ecology, however, traditional methods of monitoring birds are costly in terms of money
and time. Monitoring birds requires long hours in the field, yet avian activity patterns allow censuses to
take place mostly in the early morning (Robbins, 1981). Additionally, because of property rights or
remote field locations, access and logistics can be difficult.
In 1972, satellite imagery became widely available to the public, and since then researchers have
been investigating the use of such data in monitoring avian populations (Gottschalk and others, 2005).
However, these models are largely designed to describe the habitat of a single species, and the
usefulness of remote sensing to describe habitat of avian communities more generally has gone largely
untested (Gottschalk and others, 2005). Many of these models use remotely sensed characteristics of
the physical landscape that may have bearing beyond just the species for which the model is designed
and, therefore, may be applicable to the status and management strategies of multiple species.

About Remote Sensing and Normalized Difference Vegetation NDVI Models
Geographic Information Systems (GIS) and remote-sensing technology and algorithms allow
monitoring of changes to the Earth’s surface on larger spatial and temporal scales than are feasible
through ground census techniques. Remotely sensed data are an interpretation of various spectral signals
that reach a sensor after interacting with objects on the Earth’s surface, and these interpretations can
reveal many physical characteristics of that object, including surface elevation, temperature, and various
aspects of the vegetation and land cover (Melesse and others, 2007). Combined with spatial mapping
using GIS tools, these remotely sensed elements of the natural environment (for example, vegetation,
topography, and proximity to human developments or other physical features) can be used to define and
model suitable habitat for different species (Guisan and Zimmerman, 2000; Gottschalk and others,
2005). Models like these have become widely used to identify, characterize, monitor, and predict the
range, breeding sites, or response to land-management strategies of many avian species (Palmeirim,
1988; Tucker and others, 1997; Gibson and others, 2004; Newbold and Eadie, 2004; Mathieu and
others, 2006). Gottschalk and others (2005) summarized 109 studies over three decades that used
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remote sensing to model avian habitat, but the techniques also have been applied to habitats of many
other types of organisms (Mladdenoff and others, 1995; Hansen and others, 2001; Coops and Catling,
2002; Danks and Klein, 2002; Luoto and others, 2002; Greaves and others, 2006).
Metrics that use spectral reflectance pertinent to plants are called vegetation indices (VI), the
most popular of which is NDVI. NDVI is sensitive to active photosynthetic compounds and is therefore
a popular way to measure the productivity of vegetation, or “greenness,” in a defined area (Tucker,
1979; Tucker and others, 1985). This VI is one of many spectral ratios, but is simple in that it uses the
percent reflectance of two bands of the electromagnetic spectrum: the visible red (R; 0.4–0.7 μm) and
the near-infrared (NIR; 0.7–1.1 μm), which is related to the green biomass of a plant (Nixon and others,
1985) because it is a ratio of NIR energy scattered to visible light energy absorbed in the red wavelength
(Jordan, 1969). NDVI is calculated by dividing the difference between these spectral bands by their
sum, yielding a value between -1 and 1 (Tucker and others, 1985):
NDVI=(NIR-R) / (NIR+R)
[eq. 1]
Because NDVI is a spectral measurement of the photosynthesis occurring in a defined spatial
area, the value generally increases throughout the growing season, and then decreases during the plants’
senescent period. Additionally, NDVI can change from year to year because of environmental changes,
like amount of rainfall or temperatures in the prior seasons (Prasad and others, 2008). Therefore,
researchers must be careful to ensure the NDVI imagery being used corresponds to the timeframe of
other correlated data.
Because NDVI is a measurement of an area’s primary productivity, we would expect this metric
to relate to the abundances of organisms the area can support. For example, Mills and others (1991)
determined that total vegetation density was highly correlated with breeding bird density in
southwestern shrub and desert habitat, and similarly, abundance has been shown to increase with NDVI
(Maurer, 1994; Osborne and others, 2001). NDVI also has been shown to correlate with avian species
richness (Lee and others, 2004). Seto and others (2004) showed that the maximum NDVI value within
a satellite pixel of Landsat Thematic Mapper™ imagery (30-m2 resolution) within two different
landscape scales (segments of canyons and entire canyons) correlates with bird species richness (also
Bailey and others, 2004). NDVI also has been shown to correlate with avian species richness when
applied to very coarse imagery (250-m2 resolution) if location is a covariate (Foody, 2005). However,
most of these models take into account NDVI over large continuous tracts of habitat, and the application
of remote-sensing models to long, narrow habitats such as riparian systems is rare.
One such model, a species-specific habitat model that uses NDVI, was developed in 1999 for the
riparian zones along the San Pedro and Gila Rivers of southern Arizona. The SWWF model developed
by the Arizona Game and Fish Department successfully predicts breeding sites of this endangered
subspecies of the Willow Flycatcher (Hatten and Paradzick, 2003). The SWWF model uses a logistic
regression equation to assign a probability of the occurrence of a SWWF nest to each 30-m2 pixel of
Landsat™ imagery based on a combination of statistics derived from NDVI and the size of the
floodplain obtained from a digital elevation model (DEM). Probability for the SWWF model is
calculated as (Hatten and Sogge, 2007):
Probability = exp(logit)/1+exp(logit), where the logit is
1.483(NDVI)+0.098(NDVIBEST)+0.034(FLOODPL)+0.648(NDVISTD)–6.074
where,
NDVI = dense vegetation (NDVI>0.33) at the site (0.09 ha, 30 m2)
NDVIBEST = amount (%) of densest vegetation (NDVI>0.41) within a 4.5-ha (120-m radius)
neighborhood
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FLOODPL = amount (%) of floodplain or flat terrain (<2.5 degrees) within a 41-ha
(approximately 360 m radius) neighborhood
DVISTD = Standard Deviation (SD) in NDVI (12 classes) within a 4.5-ha (120-m radius)
neighborhood
This probability was then used to separate the riparian vegetation into five probability classes:
Class 1 = 1-20 percent, Class 2 = 21–40 percent, Class 3 = 41–60 percent, Class 4 = 61–80 percent, and
Class 5 = 81–98 percent probability. The SWWF model successfully predicted riparian areas with the
highest SWWF nest densities along the San Pedro and Gila Rivers (Hatten and Paradzick, 2003) and
was equally successful when implemented on the Rio Grande River in New Mexico (Hatten and Sogge,
2007). The SWWF model also was applied to the entire State of Arizona using 2001 imagery to
delineate all regions of suitable breeding habitat for SWWF in the State (Dockens and others, 2004).
Because vegetation and floodplain size are landscape characteristics that are potentially
important to all riparian bird species (Strong and Bock, 1990), this model may be applicable to the
management of other species of breeding birds in the riparian areas of the desert Southwest.

Objectives
We investigated the usefulness of the SWWF model in modeling avian species richness,
abundance, and community structure by investigating whether (1) the five probability classes (Classes
0–5) as defined by the SWWF model, (2) the probability value (P) as a continuous variable, and (3) a
simpler model, the NDVI value alone; relate to several defined species of concern, the abundance of
birds, and species richness. Probability is the continuous variable representing the probability of a
SWWF nest being present at each location (0–0.98), while the probability Classes represent the
continuous probability value split into increments of 0.2 (20 percent probability).
We then further investigated the relationships between NDVI, birds, and vegetation, and
determined whether the addition of vegetation metrics and other metrics derived from satellite imagery
could improve the use of NDVI for modeling general avian community structure on the San Pedro River
in southeastern Arizona.
In order to find additional metrics for modeling avian distributions, we first investigated what
vegetation parameters best predict NDVI. We wanted to determine if approximate NDVI values can be
assessed by observing the vegetation present on a site. Land managers could then assess remotely
sensed metrics without need of satellite imagery.
Secondly, we wanted to determine what vegetation parameters best predict birds. If vegetation
parameters could be used to predict bird richness or abundance, satellite imagery may not be necessary
to assess avian habitat.
Thirdly, we wanted to determine if vegetation parameters added to NDVI are a better model for
use in predicting bird abundance and species richness than NDVI alone, and to understand whether the
addition of vegetation parameters increases the strength of NDVI.
And finally, we wanted to determine whether other metrics derived from NDVI can be used to
strengthen the capacity of NDVI to predict bird presence, and whether this type of model is stronger
than those including vegetation parameters. If other remotely sensed metrics can be used in place of
vegetation data, on-the-ground vegetation surveys would not be necessary. The only necessary on-theground work would be to verify the model output, thus reducing the time and resources involved in
monitoring avian habitat. This would increase the efficiency of surveys for conservation and
management strategies.
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Structure of the Following Chapters
An overview of our study and summary of our most important findings are presented in Chapter
2. The expanse of our research is reported within two following appendixes, A and B. Tables and
figures referenced in each appendix appear at the end of each respective appendix. Each appendix has
an individual literature citation section. The methods, results, and conclusions of this study are
contained in each appendix.

Chapter 2: Present Study
Abstract of Appendix A: Extension of Riparian NDVI Models to Avian Abundance and Richness
Understanding community-habitat relationships is important for the conservation of avian
species in the disappearing riparian areas of the Southwestern United States, but monitoring avian
populations can be difficult and expensive. Although remote-sensing technology has become popular in
habitat modeling, satellite imagery habitat models focus on single species, and the applicability of these
models to understanding broader community structure and function remains largely untested. In this
analysis, we assess the applicability of using a Normalized Difference Vegetation Index (NDVI)
Southwestern Willow Flycatcher habitat model (SWWF model), as well as a simple NDVI model, to
predict breeding bird abundance and species richness in riparian areas of southern Arizona. Using avian
point counts, vegetation surveys, and remote-sensing data from three breeding seasons, we determined
that the SWWF model weakly correlates with avian community abundance, species richness, or avian
species of conservation concern. However, NDVI, the SWWF model main component, showed a strong
relationship, even when averaged over large spatial scales, suggesting that NDVI alone is a suitable
metric for monitoring bird communities. The acquisition of global NDVI imagery is free and simple to
obtain, making NDVI a potentially valuable tool for land managers.

Abstract of Appendix B: Comparison of NDVI Models for Riparian Avian Abundance and Species
Richness
Understanding the relationships between avian species and their habitat and identifying habitat
availability is a key component in the development of successful management practices. Remotesensing models could make monitoring avian communities and their habitat more cost effective and
timely than traditional methods, but the applicability of these models to understanding broader
community structure and function remains largely untested. A remote-sensing metric, Normalized
Difference Vegetation Index (NDVI), has been shown to be positively correlated with avian abundance
and species richness (McFarland and others, 2012; Maurer, 1994; Lee and others, 2004). In this
analysis, we investigate the use of two types of additional metrics, vegetation metrics measured on the
ground and remote-sensing metrics derived from satellite imagery, to strengthen our NDVI models.
Although adding remotely sensed metrics to NDVI did increase the amount of variation explained,
models including vegetation tended to best predict bird abundance and avian species richness, with or
without NDVI. However, the amount of variation shown by even the best models is still low, indicating
that NDVI habitat models may not work as well for avian communities as they do for individual
species.
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Summary of Findings
The broad scope of this study was to examine the use of remote sensing in modeling avian
abundance and avian species richness along desert riparian areas of Arizona. The remote-sensing habitat
models and analyses reported in this study appreciably advance our understanding of the application of
these models, especially to bird communities. Study results are summarized below, organized by the
appendix in which they are detailed.

From Appendix A: Extension of Riparian NDVI Models to Avian Abundance and Richness
NDVI had a positive linear relationship with species richness and bird abundance, and explained
more variation than Probability in both models. This positive relationship with bird abundance and
species richness was sustained even when the NDVI values were averaged over large areas, simulating
coarse-resolution imagery. As the pixel size became larger, the amount of explained variability (R2)
was reduced, but the relationship still existed. In all of our models, bird abundance had less unexplained
variation than richness when modeled by NDVI.

From Appendix B: Comparison of NDVI Models for Riparian Avian Abundance and Species Richness
We determined that the addition of vegetation parameters and other remotely sensed parameters
to NDVI increased the amount of variation that is explained in our models; that the best models to
predict avian abundance include NDVI with either remote-sensing or vegetation metrics; and that the
best models to predict species richness include vegetation metrics, with or without NDVI. However, the
increases in explained variation are small and a large amount of variation still remains unexplained.
Certain patterns were consistent in our models. We can conclude that in general, species
richness and abundance increase with an increase in NDVI and an increase in total cover. The presence
of water also increased avian abundance. Our data also show that more birds and more species exist in
areas where the riparian area is wide and in areas with more canopy cover and more cottonwoods,
reinforcing the importance of conserving and reestablishing cottonwood and willow gallery forests
along rivers (Brand and others, 2008).
In summary, our data indicate that NDVI models may not be as successful at modeling general
avian community structure as opposed to individual species. Because vegetation structure is so
important in modeling bird assemblages, future investigations should examine how these particular
vegetation parameters can be gathered more easily by remote-sensing techniques, either using
vegetation indices or aerial photography. Additionally, the use of purely remote-sensed metrics should
be further investigated for species of conservation concern in riparian areas of the desert Southwest to
ensure the future monitoring and management of these at-risk species.
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Appendix A: Extension of Riparian Normalized Difference Vegetation Index NDVI
Models to Avian Abundance and Richness
Introduction
Understanding community structure and function is important for the conservation of rare
habitats and the species that depend on them (Kantrud and Stewart, 1984; Wiens and Rotenberry, 1985;
Debinski and Brussard, 1994; Colwell and Dodd, 1995). In particular, understanding the relationship
between habitat distribution and habitat use is imperative to the implementation of successful
management actions. A key first step in understanding habitat use is to identify the availability of
habitats and the species that occupy them. However, in avian ecology, monitoring birds by traditional
on-the-ground field methods can be difficult and expensive because of logistics and time requirements.
Since 1972, when remotely sensed imagery became widely available to the public, biologists have been
investigating the use of satellite imagery models to identify, characterize, monitor, and predict habitats
over much broader landscapes. Gottschalk and others (2005) summarized 109 remote-sensing studies of
avian habitat conducted since 1974 (see also Gibson and others, 2004; Newbold and Eadie, 2004;
Mathieu and others, 2006), but most of these satellite imagery habitat models focus on single species
(Gottschalk and others, 2005). The applicability of remote-sensing models to understanding broader
community structure and function remains largely untested, even though avian abundance and avian
species richness are important to manage avian communities, especially in habitats that are threatened or
rare.
Avian abundance and species richness have been shown to correlate to the remotely sensed
Normalized Difference Vegetation Index (NDVI; Jordan, 1969; Nixon and others, 1985; Tucker and
others, 1985) in two studies (Maurer, 1994; Lee and others, 2004), but these relationships have not been
investigated further. In 1999, the Arizona Game and Fish Department developed a model to predict
breeding sites of the endangered southwestern Willow Flycatcher in riparian areas in Arizona (Hatten
and Paradzick, 2003; Dockens and others, 2004; Hatten and Sogge, 2007). This SWWF model
separates the riparian vegetation into five probability classes based on NDVI and floodplain size (Hatten
and Paradzick, 2003). The southwestern riparian woodlands that SWWF rely on constitute a small
percentage of the landscape yet support a high diversity and high density of avian species (Knopf and
others, 1988). The southwestern riparian woodlands systems are crucial to many species as migratory
stopover sites (Skagen and others, 1998; Yong and Finch, 2002; DeLong and others, 2005; Webb and
others, 2007) and as breeding habitat (Strong and Bock, 1990; DeSante and George, 1994). However,
riparian areas have been degraded because of stresses from agriculture, overgrazing, altered hydrologic
regimes, and invasive species (Robinson, 1965; Knopf and others, 1988; Cleverly and others, 1997;
Shafroth and others, 2002, 2005; Stromberg and others, 2007; Sogge and others, 2008; van Riper and
others, 2008). Damage to these riparian systems has been linked to decreases in populations of many
avian species, including Bell’s vireo (BEVI; Vireo bellii), Lucy’s warbler (LUWA; Vermivora luciae),
and Abert’s towhee (ABTO; Pipilo aberti) (Rea, 1983; Knopf and others, 1988; DeSante and George,
1994), all of which were listed on the Arizona Audubon Watch List (http://az.audubon.org/arizonawatchlist-2007). Because Hatten and Paradzick’s (2003) SWWF model is unique in its applicability to
narrow riparian systems and has already been applied to drainages throughout Arizona (Dockens and
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others, 2004), this model is ideal for investigating its applicability to monitoring avian abundance and
species richness. Although this model is extremely successful in predicting SWWF habitat
relationships, the applicability of this model to other riparian-dependent species is unknown.
We tested the applicability of the SWWF model to predict the diversity and abundance of a
broader riparian-dependent avian community. Specifically, we asked whether the relationships between
avian communities and their habitat can be assessed using remote sensing based on two models: (1) the
SWWF model, which incorporates NDVI and floodplain size, and (2) a simple model that contains only
NDVI. The findings of Maurer (1994) and Lee and others (2004) relating NDVI to avian abundance
and species richness led us to investigate the use of this single metric in modeling bird communities
more generally in the threatened riparian areas of Arizona.
Because both models sample only a limited amount of the variation within the environment,
some guilds of birds will likely fit these models better than others. We therefore investigated two
predictions. First, because the SWWF model is finely tuned to a single species, we predicted that the
abundance of other birds with similar foraging requirements as the SWWF, insectivorous air-salliers,
would better fit into the model than would birds that do not have similar foraging requirements
(DeGraaf, 1985). Secondly, we predicted that the abundance of birds that nest high in the vegetation
would correlate better with NDVI than would that of birds that nest lower in the vegetation or on the
ground (Parker, 1987; Earnst and others, 2005). We made this prediction because we believe that the
large trees preferred for nesting are more concentrated in areas with high NDVI. The outcomes of this
study could benefit the monitoring of avian populations and their habitats, retroactively and in the
future, by providing a readily accessible, inexpensive, and useful monitoring tool.

Methods
Study Area
Our study focused on the riparian community of the upper San Pedro River in southeastern
Arizona within the boundaries of the San Pedro Riparian National Conservation Area (SPRNCA),
managed by the Bureau of Land Management (BLM). An additional 6 mi of river was monitored in
2008 on The Nature Conservancy land at Three Links Farm, approximately 15 mi north of Interstate
Highway 10 (I-10; fig. A1).

The Models
We investigated how well the five probability classes (Classes) and the probability value
(Probability) relate to the abundance of all birds, avian community species richness, and several defined
avian species of concern (LUWA, BEVI, and ABTO; Arizona Audubon Watch List, 2007;
http://az.audubon.org/arizona-watchlist-2007). Probability is the continuous variable representing the
probability of a SWWF nest being present at each location (0–0.98), while the Classes represent the
continuous probability value split into increments of 0.2 (20 percent probability, where Class 1 = 1–20
percent, Class 2 = 21–40 percent, Class 3 = 41–60 percent, Class 4 = 61–80 percent, and Class 5 = 81–
98 percent probability). We also investigated how the NDVI value alone, a major component of the
SWWF model, relates to our avian metrics.

Bird Census
We monitored birds on the upper San Pedro River from late May through late July during 3
years: 2005, 2006, and 2008. All study sites were located within the SPRNCA. However, in 2008, 42
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points were placed in the additional segment of river at Three Links Farm. In 2005, a random start
location was selected, and 242 points were placed approximately every 250 m following the river; these
same sites were monitored in 2006. In 2008, a new random start point was selected and 265 new points
were placed 250 m apart along the river. The locations of the 2005 and 2006 points had no influence
over the placement of 2008 points.
We conducted point counts between 10 min after sunrise and 9:00 a.m. Observers quietly
approached points, waited approximately 1 min, and then recorded all birds detected for 5 min. For
every bird detected, we recorded the species, detection type (aural, visual, or flyover), and distance to
the bird (estimated with a range-finder). All points were monitored four times each in 2005 and two
times each in 2006 and 2008. After all points were counted once within a season, we began revisiting
points so that replicates occurred at evenly spaced intervals throughout the breeding season, and so that
the same number occurred in the first and second halves of the season.
Birds detected between the 5-min count periods and birds only detected as flyovers were not
included. Our analyses also were limited to only passerines and woodpeckers. Although the SWWF
model was designed for a passerine, woodpeckers are very vocal and therefore easily detected. Richness
was calculated as the total number of species detected during both count events, although abundance
was averaged over the two count events. As previously noted, we defined our species of concern based
on the Audubon Watch list (http://az.audubon.org/arizona-watchlist-2007) for the State of Arizona:
Bell’s vireo, Lucy’s warbler, and Abert’s towhee. Additionally, we determined which species were our
“common species” for analyses by making note of all species for which individuals were detected at 20
points or more in at least 2 years (table A1). To test our two predictions, we classified the common
species of birds by their foraging guild (De Graaf, 1985) and nesting guild (table A1; Parker, 1987;
Erhlich and others, 1988; Baicich and Harrison, 1997; Earnst and others, 2005).
Remote Sensing

We acquired Landsat™ 30-m resolution imagery for the San Pedro River corresponding to the
years and seasons of our point counts. One terrain-corrected scene was obtained for each year during a
cloud-free day, approximately in the middle of the field season: June 14, 2005; June 17, 2006; and June
6, 2008. The SWWF model of Hatten and Paradzick (2003) was then run on the imagery and a DEM of
the area to generate a floating-point raster for each scene. Points having zero-percent probability were
removed from the original model, but we defined these points as “Class 0.” A floating point raster also
was generated for each scene containing values for NDVI. We determined the value of Probability,
probability Class, and NDVI for all point count locations by using the Sample tool in ArcMap 9.2
(ESRI, 2006) and sampling each raster with the GPS locations of the point counts of the corresponding
year. Additionally, we used the Focal Statistics tool in ArcMap to create a moving-window
neighborhood to produce rasters for each year containing values for the average NDVI values of the
pixels within different neighborhoods around each point (0.8, 4.5, and 10.9 ha), replicating coarse
imagery. The new neighborhood NDVI values for each year were then sampled with the point count
locations of the corresponding year.

Statistical Analyses
To meet conditions of normality, Probability was transformed with an ArcSine square root (+ 1)
transformation. Results are given for the transformed value. We examined relationships between
species of birds and abundances of birds with (1) the probability Classes defined by the SWWF model,
(2) the Probability value at each point, and (3) the NDVI value at the point. We also analyzed the effect
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of NDVI on bird abundance and species richness when NDVI was averaged over the three different
neighborhood sizes.
When examining the abundances of birds, we averaged the total number of birds detected at a
point during the 5-min count period over both counts of that point within a given year. However, to
obtain the metric for the number of species present, we determined the total number of species detected
across both visits of each point. We included in our analyses only bird detections less than or equal to
50 m of the observer because an analysis of detection frequencies by the program DISTANCE (version
5.0, Thomas and others, 2010) showed that the probability of detection decreased to less than 0.2 after
50 m. Moreover, all birds detected at a point needed to be associated with the point itself. We felt a 50m radius around each point was a reasonable distance within which to make this association.
Although the points in 2005 and 2006 were the same, we used them as separate units due to a
new NDVI and Probability value for each year. The NDVI value differed between the 2 years by an
average of 0.065 (SD =0.054). Probability also differed by a substantial amount, averaging a difference
of 0.085 (SD =0.111), which would change the probability Class at many points.
We performed analyses with all species detected as well as just the common species, both for
species richness and bird abundance. We used multi-factor analyses of variance (ANOVAs) for
analyses of bird metrics relative to the probability Classes, and general linear models for analyses of
bird metrics relative to the Probability value and NDVI. To account for the effects of year, whether due
to observer biases or actual differences in birds or vegetation among years, year was a covariate in all of
our models. Nominal logistic regression models were used to determine relationships of our three
remote-sensing metrics with our species of concern. Effects of year, probability Class, and interaction
terms between them were analyzed with Tukey-Kramer Honestly Significant Difference (HSD) tests.

Results
The addition of the rare species did not change the outcomes, indicating that rare species are not
driving the bird-habitat relationships in this area. Therefore, all analyses are reported for only the
common species.

Bird Abundance and Species Richness
Probability Classes

The number of common birds and common species detected at each point was significantly
smaller in “Class 0” than the rest of the Classes (fig. A2). However, no significant differences were
determined between Class 1 and Class 2 nor among Classes 2–-5 for abundance (R2=0.3552; Class:
F5,721=24.5712, p<0.0001; Year: F2,721=28.1136, p<0.0001; Class*Year: F10,721=2.9889, p=0.0011) and
no significant differences among Classes 2–5 nor among Classes 1, 2, 4, and 5 for richness (R2=0.1927;
Class: F5,718=12.7072, p<0.0001; Year: F2,718=15.7673, p<0.0001; Class*Year: F10,718=2.9821,
p=0.0011).
Probability

The abundance of birds detected had a significant positive relationship with Probability among
years. R2=0.3205; Prob: F1,733=96.6595, p<0.0001; Year: F2,733=117.2826, p<0.0001; Prob*Year:
F2,733=8.2656, p=0.0003). The number of species detected also exhibited a positive relationship with
Probability (R2=0.1656; Prob: F1,730=47.0608, p<0.0001; Year: F2,730=40.8129, p<0.0001; Prob*Year:
F2,730=9.9016, p<0.0001).
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NDVI and Larger Pixels

In the second model, NDVI alone, bird abundance showed a strong positive relationship with
NDVI among years (R2 = 0.3489; NDVI: F1,733 = 133.0523, p < 0.0001; Year: F2,733 = 127.9293, p <
0.0001; NDVI*Year: F2,733 = 7.6737, p = 0.0005). Species richness also increased as NDVI increased
(R2 = 0.1928; NDVI: F1,730 = 75.3508, p < 0.0001; Year: F2,730 = 44.7924, p < 0.0001; NDVI*Year:
F2,730 = 9.0273, p = 0.0001).
When NDVI was averaged over our three defined neighborhood sizes (0.8, 4.5, and 10.9 ha), we
still found positive linear relationships with bird abundance and species richness. Bird abundance
showed a relationship with NDVI, when NDVI was averaged over a 0.8 ha neighborhood (R2 = 0.3875;
NDVI: F1,733 = 185.5483, p < 0.0001; Year: F2,733 = 130.0491, p < 0.0001; NDVI*Year: F2,733 = 9.7100,
p < 0.0001). Species richness also showed relationships with NDVI averaged over a 0.8 ha region (R2 =
0.2106; NDVI: F1,730 = 88.7763, p < 0.0001; Year: F2,730 = 43.6070, p < 0.0001; NDVI*Year: F2,730 =
12.2116, p < 0.0001).
When NDVI is averaged across a 4.5 ha neighborhood, abundance again showed a positive
relationship (R2 = 0.3323; NDVI: F1,733 = 109.3058, p < 0.0001; Year: F2,733 = 106.8425, p < 0.0001;
NDVI*Year: F2,733 = 9.0490, p < 0.0001), and species richness also showed a positive relationship this
NDVI value (R2 = 0.1654; NDVI: F1,730 = 43.0030, p < 0.0001; Year: F2,730 = 38.5454, p < 0.0001;
NDVI*Year: F2,730 = 12.5702, p < 0.0001).
Even over the largest neighborhood, 10.9 ha, bird abundance still showed a relationship with
NDVI (R2 = 0.2727; NDVI: F1,733 = 46.1348, p < 0.0001; Year: F2,733 = 98.1390, p < 0.0001;
NDVI*Year: F2,733 = 5.6373, p = 0.0037). Species richness also was still related to NDVI averaged
over 10.9 ha neighborhood (R2 = 0.1306; NDVI: F1,730 = 14.2114, p = 0.0002; Year: F2,730 = 37.2231, p
< 0.0001; NDVI*Year: F2,730 = 9.8202, p < 0.0001).

Foraging Guild and SWWF Model
The abundance of insectivorous air-salliers did not differ among probability Classes, although
the effect of probability Class was found to be significant (R2 = 0.0394; Class: F5,731 = 3.0153, p =
0.0106; Year: F2,731 = 0.0002). Only Class 0 had significantly fewer birds than Classes 1 and 3 (TukeyKramer HSD test). The abundance of omnivorous ground-foragers also did not differ among
probability Classes, although the effect of probability Class was moderate (R2 = 0.0365; Class: F5,731 =
2.1214, p = 0.0610; Year: F2,731 = 8.9333, p = 0.0001). Class 5 had significantly fewer birds than
Classes 0, 3, and 4 (Tukey-Kramer HSD test).

Nesting Guild and NDVI Model
The abundance of high open-cup nesters increased with NDVI (R2 = 0.0616; NDVI: F1,735 =
39.2098, p < 0.0001; Year: F2,735 = 4.1773, p = 0.0157), but the abundance of ground or low open-cup
nesters also showed this relationship, with slightly better fit (R2 = 0.3397; NDVI: F1,733 = 89.8861, p <
0.0001; Year: F2,733 = 140.2486, p < 0.0001; Year*NDVI: F2,733 = 6.8167, p = 0.0012).

Species of Concern
None of the species of concern had distributions affected by the probability Classes (ABTO: χ2
= 2.122, p = 0.832; BEVI: χ2 = 5.801, p = 0.326; LUWA: χ2 = 4.909, p = 0.427, in nominal logistic
regressions after accounting for year and an interaction term between Class and year). However,
LUWA were found to show a preference in Probability (χ2 = 5.4628, p = 0.0194; Year: χ2 = 84.9566, p
< 0.0001), and both BEVI and LUWA have a marginal preference in NDVI (χ2 = 3.6225, p = 0.0570;
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Year: χ2 = 30.4271; and χ2 = 3.5679, p = 0.0589; Year: χ2 = 83.66, p < 0.0001, respectively). ABTO
and BEVI were not selecting points with high transformed values of Probability (χ2 = 0.1172, p =
0.7321, and χ2 = 2.9907, p = 0.0837, respectively), and ABTO were not showing a significant
preference in points in relation to NDVI (χ2 = 0.5094, p = 0.4754).

Discussion
Understanding the relationships between birds and their habitat is important for the conservation
of species and ecosystems, especially those under threat. Remote sensing is a potentially valuable way
to define suitable habitat over very large areas with minimal cost and reduced hours of work in the field.
Because metrics derived from these remotely sensed data are likely relevant to many species of birds,
we investigated the applicability of a species-specific model that had already been developed (that is,
Hatten and Paradzick’s 2003 SWWF model) for our study sites, as well as a simpler model composed of
only one metric, NDVI. We utilized these models to test predictions of general bird abundance, species
richness, and specific guilds based on natural history, as well as defined species of concern.

Bird Abundance and Species Richness
Probability Classes

The significant difference found between Class 0, which has zero probability of having a SWWF
nest, and the other five classes included in the model, indicates that the SWWF model means of
determining whether any chance exists of a SWWF nesting is a useful predictor of whether any other
bird species will find that vegetation suitable for breeding. This difference between classes with zero
Probability and Probability of greater than 0 is based on a cut-point NDVI value of 0.126 (Hatten and
Paradzick, 2003). However, the five classes themselves were not useful in monitoring avian
communties.
Probability

Once the probability values were not lumped into classes and were allowed to be a continuous
variable, a positive linear correlation existed with bird abundance and species richness. However, all
points with a probability of zero were classified as such because of an NDVI value under the cut-point
value of 0.126. Therefore, the value saturates and does not account for variation in the range of the low
NDVI values. Probability value did have a positive linear relationship with bird abundance and species
richness, but this metric worked best for the areas with high NDVI values. When the significance
between Class 0 and Classes 1–5 is based on a NDVI cut-point, the data indicate that NDVI might be a
better alternative for use in monitoring riparian bird populations.
NDVI and Larger Pixels

NDVI also had a positive linear relationship with both species richness and bird abundance and
explained more variation than Probability in both models. Additionally, the positive relationship with
bird abundance and species richness was sustained even when the NDVI values were averaged over
larger areas, simulating coarser-resolution imagery. As the pixel size became larger, the amount of
explained variability (R2) was reduced, but the relationship still existed. In all of our models, bird
abundance had less unexplained variation than richness when modeled by NDVI.
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Foraging Guild and SWWF Model
When we limited the birds to those that have a similar foraging strategy as the SWWF, the
insectivorous air-salliers foraging guild did not fit into the SWWF model. Air-salliers did not fit the
Classes in the model any better than omnivorous ground-foragers, because both guilds showed no
relationship with the Classes, indicating that the Hatten and Paradzick (2003) SWWF model may be too
species-specific to apply to other birds. However, birds that share some other common natural history
trait with the SWWF may be better suited to the model than those that share a different foraging
strategy.

Nesting Guild and NDVI
NDVI did not better predict birds that tend to nest high in the canopy structure than those that
nest on the ground or in the understory. Instead, birds that nest low were better modeled using NDVI,
which may indicate that NDVI increases with the complexity of the understory or the thickness of the
low vegetation and is not determined by only a high canopy (Nagler and others, 2004).

Species of Concern
When we examined individual species of concern (BEVI, LUWA, ABTO) and how they fit our
models, only LUWA showed a relationship with Probability, whereas ABTO and BEVI showed a
relationship with NDVI, indicating that dense vegetation is probably important to these two species.
The Classes of the SWWF model were not useful in monitoring populations of our three species of
concern.
Although our low number of SWWF detections did not allow for statistical analyses, we believe
that the SWWF model is applicable to our study site. The only detections were within the boundaries of
Three Links Farm in 2008. Although Three Links farm only encompasses approximately 6 mi of river,
this area contained 43 percent of the Class 5 points that we monitored. This area also had the largest
continuous sections of Class 5 pixels within our study site. The model seemed to account for the lack of
frequent detections of SWWF within the SPRNCA, because it showed that very little prime habitat is
available to SWWF in this region, and the habitat that is available is discontinuous.
For monitoring avian communities, NDVI shows promise, having a positive relationship with
bird abundance and species richness. However, the linear relationships between NDVI and bird metrics
have a large amount of unexplained associated variation. This variability is understandable because
NDVI can be affected by many landscape variables, such as the composition of tree species, the way the
trees are grouped, the amount of understory, the species composition of the understory, the soil type,
and the presence of water (Nicholson and Farrar, 1994; Nagler and others, 2004; Prasad and others,
2008). Additionally, with a 30-m2 pixel, there is error related to the location of the pixel that determines
the NDVI, and to the location of the point count due to the GPS units. With the SWWF model, another
source of error is that the model was built around locations of SWWF nests. We related the SWWF
model to bird detections, which associated all birds with the point where the observer was standing and
not the point where the bird was detected. Despite this variation, strong patterns persisted between
NDVI and avian abundance and diversity.

Conclusion
Riparian areas of the desert Southwest, like many ecosystems worldwide, are under threat,
leading to declines in many avian species (Rea, 1983; DeSante and George, 1994). Understanding the
relationship between breeding birds and their habitat is crucial to avian conservation and management.
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Although species-specific models such as the southwestern Willow Flycatcher model have merit in
monitoring the individual species for which they were designed, they may not always be the most useful
metrics for monitoring all avian species. We found that NDVI, a much simpler metric than the
Probability metric the SWWF model creates, is a more reasonable predictor of avian community
structure in riparian habitat. Like Probability, NDVI is a continuous variable but Probability disregards
low NDVI values, whereas NDVI does not saturate at the low values, providing a much more normally
distributed dataset.
We found positive relationships between NDVI and bird abundance and species richness, even
when NDVI was averaged over large areas, indicating that even large-resolution imagery can be useful
for bird monitoring. Global 250-m2 resolution MODIS Aqua and Terra satellite data, with a comparable
size to our 4.5-hectare neighborhood, is available online. NDVI values can be automatically
downloaded with the imagery without the need for image processing, making this data very simple to
obtain and work with. Therefore, for the monitoring of species richness and abundance in riparian zones
in the Southwestern United States, we conclude that NDVI is a practical means.
If NDVI is to be useful in monitoring birds on smaller scales, further research needs to be
conducted to determine what other metrics can be added to NDVI models to strengthen the predictive
power. Additionally, by determining which vegetation parameters (for example, canopy structure,
understory density, species composition) are the largest determining factors for NDVI, we can better
understand which species of birds are more likely to show relationships with NDVI and why.
Further investigations should focus on what other elements can be included along with NDVI to
further explain avian community patterns in the riparian areas of the desert Southwest, thereby making
NDVI more useful for the management of avian species on a fine scale.
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Three Links Farm

SPRNCA

Figure A1. Map showing our study sites along the upper San Pedro River, southeastern Arizona. The San Pedro Riparian National Conservation
Area is managed by the Bureau of Land Management, and Three Links Farm is managed by The Nature Conservancy.
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Figure A2. Graph showing effects of probability Class on bird abundance and species richness, calculated by
Tukey-Kramer HSD tests. Classes not connected by the same letter are significantly different. Classes 1–5 were
found to have significantly more birds and more species than Class 0.
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Figure A3. Graphs showing regression lines between bird abundance or species richness and probability value or Normalized Difference Vegetation
Index (NDVI) for all three years, after accounting for year and an interaction term. NDVI had the strongest relationship with bird abundance.
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Table A1. List of common species of birds used in the southwestern willow flycatcher model and birds used in each natural history grouping.

Species
Abert's Towhee (Melozone aberti)
Ash-throated Flycatcher (Myiarchus

Foraging
Insectivorous
Omnivorous
Air-sallier
Ground-forager
X

cinerascens)

X

tyrannulus)

X

Brown-crested Flycatcher (Myiarchus
Bell's Vireo (Vireo bellii)
Bewick's Wren (Thryomanes bewickii)
Botteri’s sparrow (Peucaea botterii)
Brown-headed Cowbird (Molothrus

High cup
X

X

X

X
X

X

X
X
X

X

X

trichas)

Gila Woodpecker (Melanerpes
uropygialis)

House Finch (Carpodacus mexicanus)
Ladder-backed Woodpecker (Picoides

X

Lesser Goldfinch (Carduelis psaltria)
Lucy's Warbler (Oreothlypis luciae)
Northern Beardless Tyrannulet
(Camptostoma imberbe)
Northern Cardinal (Cardinalis

X

scalaris)

X*

cardinalis)

Northern Flicker (Colaptes auratus)
Northern Mockingbird (Mimus
polyglottos)

Northern Rough-winged Swallow
(Stelgidopteryx serripennis)
Song Sparrow (Melospiza melodia)
Summer Tanager (Piranga rubra)
Vermilion Flycatcher (Pyrocephalus

X

X

X

X

X

rubinus)

X

X

sordidulus)

X

X

Western Kingbird (Tyrannus verticalis)
Western Wood Pewee (Contopus
White-breasted Nuthatch (Sitta

Low cup

X

ater)

Blue Grosbeak (Passerina caerulea,
formerly Guiraca caerulea)
Black Phoebe (Sayornis nigricans)
Bullock's Oriole (Icterus bullockii),
Cassin's Kingbird (Tyrannus vociferans)
Common Yellowthroat (Geothlypis

Nesting

X

X
X
X
Yellow-breasted Chat (Icteria virens)
Yellow Warbler (Setophaga petechia,
X
formerly Dendroica petechia )
*Note that the Northern Beardless Tyrranulet construct globular nests instead of cup nests, but still nest very
high in the canopy.
Note: Birds were determined to be common species if they were detected at 20 points or more in each of the 3
years that we conducted censuses.
carolinensis)
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Appendix B: Comparison of Normalized Difference Vegetation Index NDVI
Models for Riparian Avian Abundance and Species Richness
Introduction
Understanding the relationships between birds and their habitat is important to the management
and conservation of species and the ecosystems that they depend on (Kantrud and Stewart, 1984; Wiens
and Rotenberry, 1985; Debinski and Brussard, 1994; Colwell and Dodd, 1995). In particular, the
implementation of successful management actions requires understanding the relationships between
habitat distribution and availability, and habitat use. This is especially important in ecosystems that are
under threat, such as riparian areas in the southwestern United States. Riparian habitats provide a
greater biomass of food and shelter for nesting birds, thereby hosting a much higher diversity of species,
than the surrounding deserts (Knopf and others, 1988). These habitats are in danger because of threats
from groundwater pumping, cattle ranching, agriculture, and invasive species, such as tamarisk
(Tamarix spp; Robinson, 1965; Knopf and others, 1988; Cleverly and others, 1997; Shafroth and others
2002, 2005; Stromberg and others, 2007; Sogge and others 2008; van Riper and others, 2008). The
destruction of the Southwest riparian areas is reflected by the decline in many species that are dependent
on the rivers for one or more parts of their breeding cycle (Rea, 1983; Strong and Bock, 1990; DeSante
and George, 1994; Skagen and others, 1998; ; Yong and Finch, 2002; DeLong and others, 2005; Webb
and others, 2007). Because avian communities can be used to indicate ecosystem health (Steele and
others, 1984; Morrison, 1986; Furness and others, 1993), understanding what habitat parameters best
explain avian community structure would allow for more focused management practices along the
riparian areas of the desert Southwest.
However, traditional techniques for monitoring birds and their habitat are expensive and often
limited in scope. Since the advent of satellite imagery, researchers have been investigating the use of
remote-sensing data to identify, characterize, monitor, and predict avian species habitat across large
spatial and temporal scales (Palmeirim, 1988; Hatten and Paradzick, 2003; Seto and others, 2004;
Gottschalk and others, 2005; Melesse and others, 2007), allowing for the faster and more effective
development of management strategies. However, most of these models are designed to monitor a
single species (Gottschalk and others, 2005), and the use of remote sensing to understand broader
community structure remains largely untested.
In a study to address the use of remote sensing to model general avian community structure
(appendix A), we found that avian abundance and species richness correlated with NDVI (Maurer,
1994; Lee and others, 2004), which is sensitive to photosynthetic compounds (Jordan, 1969; Tucker,
1979; Nixon and others, 1985; Tucker and others, 1985), along the upper San Pedro River in
southeastern Arizona. High NDVI values correspond to high amounts of photosynthetic activity from
thick or green vegetation (Tucker and others, 1985). However, NDVI alone was not determined to be a
useful tool for modeling avian communities because a large amount of variation was left unexplained.
Therefore, other metrics are necessary to strengthen the relationships of NDVI with bird distributions
(McFarland and others, 2012; appendix A).
In order to find additional metrics for modeling avian distributions, we first investigated what
vegetation parameters best predict NDVI along the San Pedro River in southeastern Arizona. By
definition, NDVI is a measure of vegetation greenness (Jordan, 1969; Tucker, 1979), but we wanted to
determine which specific components of the vegetation affect NDVI.
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Secondly, we wanted to determine what vegetation parameters best predict avian abundance and
species richness. By determining what vegetation parameters are important to birds and how these
parameters affect the resulting NDVI value, we can better understand the positive relationship between
birds and NDVI.
With the links among birds, vegetation, and NDVI established, we could then determine whether
the addition of vegetation parameters to NDVI could increase the predictive power of the model,
yielding a better model for use in predicting bird abundance and species richness.
Finally, we wanted to determine whether other metrics derived from satellite imagery could be
used to strengthen the power of NDVI to predict bird-community associations and whether this type of
model is stronger than those including vegetation parameters. If other remotely sensed metrics can be
used in place of vegetation data, on-the-ground vegetation surveys would not have to be as intensive.
The only necessary on-the-ground work would be to verify model output.

Methods
Study Area
Our study focused on the riparian community of the upper San Pedro River in southeastern
Arizona within the boundaries of the San Pedro Riparian National Conservation Area (SPRNCA),
managed by the Bureau of Land Management (BLM); an additional 6 mi of river were monitored on
The Nature Conservancy land at Three Links Farm, approximately 15 mi north of Interstate Highway 10
(I-10; fig. B1).
Bird Census Techniques

We monitored birds on the upper San Pedro River from late May through late July 2008. A
random start location was selected, and 265 points were placed approximately every 250 m along the
river. Points were placed about halfway into the width of the riparian area and therefore differed in
distance from the streambed. The point locations were recorded with a GPS unit.
We conducted point counts from 10 min after sunrise until 9:00 a.m. Observers quietly
approached points, waited approximately 1 min, and then recorded all birds detected for 5 min. For
every bird detected, we recorded the species, detection type (call, song, visual, or flyover), and the
distance to the bird estimated with a range-finder. All points were monitored twice during the season.
After all points were counted once, we revisited points so that the replicates occurred evenly spaced
within different halves of the season.
Birds detected outside of the 5-min count periods were not included, nor were birds detected as
flyovers. The analyses also were limited to only passerines and woodpeckers. Additionally, we defined
“common species” of birds as those for which individuals were detected at 15 or more points (table B1).

Vegetation Survey
At each point count location, a vegetation survey was carried out within a 30-m2 area to
correspond with the 30-m2 pixels of the Landsat Thematic Mapper™ imagery. We focused our efforts
on four woody tree species: Fremont cottonwood (Populus fremontii), Goodding’s willow (Salix
gooddingii), tamarisk (Tamarix spp.), and honey mesquite (Prosopis glandulosa), although we did make
note of other woody species. We used a convex densiometer to measure canopy cover, taking readings 3
m from the point in all four cardinal directions, always facing away from the center. We used the
densiometers to gauge the complexity of the understory by estimating total canopy cover and percent
canopy cover of each of the four species within two height strata(5–15 m and (higher than 15 m). We
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also determined the overall canopy cover. Additionally, by counting only the highest vegetation, we
estimated what percent of the total canopy cover would be made up of each of our four woody species
as if seen from above. To account for the amount of vegetation lower than 5 m that would not be
captured in the densiometers (because they lack the ability to accurately gauge canopy cover at lowheight strata), we estimated the amount of vegetative cover lower than 5 m in all four cardinal directions
approximately 8 m away from the point (an additional 5 m from the densitometer reading locations).
Within a 5-m radius of each of these locations, we approximated the percent of the area covered by low
woody vegetation. We used an approximate scale, rounding to the nearest 20 percent cover. We also
did stem counts of woody vegetation within the 5-m radius, and finally, we noted whether there was
water present in the river at each point count location.
We calculated a metric for each of our four tree species representing the total amount at all
height strata that would be visible from above, at each of the four locations of each point count:
Tree A = (> 5m) + (% open * % cover ≤ 5 m * % stems)
[eq. B1]
where,
> 5m = total percent of plot covered by tree species A as measured by densiometer (> 5 m)
% open = total percent of plot open to sky as measured by densiometer (> 5 m)
% cover ≤ 5 m = total percent of plot covered lower than 5 m (visual estimate to nearest 20%)
% stems = percent stems of tree species A of total number of woody stems
By summing the outputs (eq. A1) for all four woody tree species, we calculated the total cover
(Tot Cover) of the plot by trees at all height strata. We then averaged each variable across the four
densiometer and stem count sites for each point count location, yielding nine vegetation metrics,
including Latitude and elevation (table B2).

Remote Sensing
We acquired one terrain-corrected scene (Path: 35, Row: 38) of Landsat™ 30-m2 resolution
imagery for the San Pedro River for 6 June 2009, a cloud-free day occurring approximately in the
middle of the field season. Using bands from the red and NIR, a floating point raster was generated for
the scene containing values for NDVI. We then determined a NDVI value for all point count locations
by using the sample tool in ArcMap 9.2 (ESRI, 2006) and sampling each raster with the GPS locations
of the point counts. Additionally, we used the Focal Statistics tool in ArcMap to create a movingwindow neighborhood to produce rasters containing values for the average (Avg), maximum (Max),
minimum (Min), and SD of NDVI values of the pixels within different neighborhoods around each
point (0.8, 4.5, and 10.9 ha). The new neighborhood NDVI metrics were then sampled with the point
count locations. By averaging NDVI over large areas, we wanted to replicate coarse imagery. These
neighborhood metrics also give us a sense of what sort of habitat is available to the birds within larger
areas if birds are selecting habitat based on large scales.
Additionally, we acquired a digital elevation model (DEM) of our study site and sampled this
raster with the point count locations to obtain the elevation of the points. We used SLOPE and
FOCALSUM functions in ArcMap to determine the percentage of a 41-ha neighborhood that was
floodplain or flat (Floodplain; slope < 2.5; Hatten and Paradzick, 2003) for each of our point count
locations. This yielded 15 remotely sensed metrics per point in addition to NDVI, including Elevation
and Latitude (table B3).

26

Statistical Analyses
We used only bird detections less than or equal to 50 m of the observer for our analyses because
an analysis of detection frequencies by the program DISTANCE (version 5.0, Thomas and others, 2010)
showed that the probability of detection decreased to less than 0.2 after 50 m. Moreover, all birds
detected at a point needed to be associated with the point itself. We believed a 50-m radius around each
point was a reasonable distance within which to make this association.
Owing to non-normality, all vegetation metrics except Water and Latitude are log transformed
with a Log10(x+1) transformation. Additionally, Floodplain was transformed with an x2 transformation.
We created a matrix of our vegetation parameters and looked for correlations. Similarly, a matrix of our
NDVI-related parameters was created and examined for correlations. When two metrics were highly
correlated (r ≥ 0.8), one of the two metrics was removed.
We used stepwise linear regression to determine subsets of the most important parameters to
answer each of our questions. Latitude and Elevation were included as parameters in both the
regressions using vegetation parameters and those using the NDVI-related parameters (tables B2 and
B3), since both can be determined on the ground with a GPS unit or by remote sensing. In the case of
adding vegetation parameters to NDVI, if NDVI was not included in the model, we entered NDVI
manually and then ran a forward regression. Whenever Water, our only binomial parameter, was
included, we used a Student’s t-test to determine effect of Water on the response variable.
We performed analyses with all species detected as well as just the common species, both for
species richness and bird abundance. However, the addition of the rare species did not affect the
relationships found, indicating that the presence of rare species is not driving the bird-habitat
relationships in this area. Therefore, all analyses are reported for only the common species.
We compared each step of our regressions using Akaike’s Information Criterion (AIC) to test for
parsimony and determine the best models of our regressions for modeling avian abundance and species
richness. In order to correct for small sample size, we used the corrected AIC:
AICc = -2 log likelihood + 2k + [2 k (k + 1)/(n - k - 1)],
[eq. B2]
where,
k is number of model parameters and n is sample size (Burnham and Anderson, 1998).

Results
Latitude and Elevation were highly correlated (r = -0.998), so Latitude was deleted from
regressions using vegetation and those using only remotely sensed metrics (tables B2 and B3).
Cottonwood was highly correlated to Tot Cover (r = 0.8295), so Cottonwood was removed, leaving nine
total vegetation metrics including Elevation (table B2). Many of the remotely sensed metrics derived
from NDVI also were correlated, leaving only eight remote-sensing metrics including Elevation (table
B3).
Water was included in the stepwise regression models for avian abundance and in the model for
NDVI (tables B4 and B5). Willow, Mesquite, and Elevation were included in all four of our regression
models for avian abundance and species richness (tables B4 and B5). Additionally, Elevation was
included in the model including remote sensing for species richness (table B-6), and Mesquite was
included in the model for NDVI (table B4), making Mesquite a part of all models involving vegetation.
Total Cover, however, was included only in the model for NDVI and was not a part of models for
abundance or richness. Tamarisk was not included in any of our models. Additionally, the only
remotely sensed parameters included in our models were Elevation and SD 10.9ha, whereas the other
neighborhood covariates and floodplain were not found to be important in explaining abundance nor
richness (table B6).
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What Vegetation Parameters Predict NDVI?
When NDVI was modeled using our vegetation parameters, vegetation at two height strata
(Cover > 15 m, and Cover < 5 m), as well as Total Cover, Water, and Mesquite, were included in the
model (R2 = 0.370; F5, 259 = 30.392, p <0.001; table B4). NDVI was found to be 0.063 higher (95%
Confidence Interval (CI) between 0.035 and 0.092) at points where water was present (t = 1.969, p <
0.05). However, increasing amounts of mesquite had a negative effect on NDVI (table B4).

What Vegetation Parameters Predict Birds?
Bird abundance was best predicted by Water, Cover >15m, Willow, Mesquite, and Elevation
(adjusted R2 = 0.138, F5,259 = 9.445, p < 0.001; table B4). Abundances of birds were significantly high
where water was present (1.301, 95% CI between 0.528 and 2.075, t = 1.969, p < 0.05). Increasing
Cover greater than15 m and Willow had a positive effect on bird abundance, but increasing Elevation
and amounts of Mesquite resulted in fewer birds (table B4).
Species richness was best predicted by Willow, Mesquite, and Elevation (adjusted R2 = 0.141,
F3,261 = 15.440, p < 0.001, table B4). Richness increased with increasing amounts of Willow and with
Elevation, but richness decreased as Mesquite increased (table B4).

Does the Addition of Vegetation to NDVI Increase Predictability?
When modeled with NDVI alone, bird abundance had a positive relationship with NDVI, but a
lot of variation was unaccounted for (adjusted R2 = 0.098, F1,263 = 29.770, p < 0.001). The addition of
vegetation parameters to NDVI when modeling bird abundance showed an increase of 5.8 percent in the
explained variation, the model included NDVI, Water, Mesquite, Willow, and Elevation (adjusted R2 =
0.156, F5,259 = 10.766, p < 0.001, table B5). Water again raised the bird abundance by approximately
1.080 (95% CI between 0.294 and 1.867). NDVI was the first parameter entered in the regression.
Additionally, when compared to how well vegetation predicts bird abundance, NDVI and vegetation
together explained only 1.8 percent more variation than vegetation alone (fig. B2).
Species richness also showed a positive relationship with NDVI, but only 2.3 percent of the
variation was explained when NDVI was the only parameter included (adjusted R2 = 0.023, F1,263 =
7.182, p = 0.008). However, a stepwise regression with NDVI plus our vegetation parameters did not
include NDVI in the model, and the same vegetation parameters were chosen as without NDVI (table
B4). When NDVI was manually entered into the model and a forward regression was run, Mesquite,
Willow, and Elevation also were entered into the model (adjusted R2 = 0.146, F4,260 = 12.245, p < 0.001;
table B5). While this model explained 12.3 percent more variation than NDVI alone, it added only 0.5
percent to the explained variation of the vegetation-only model (fig. B2).

Does the Addition of Other Remotely Sensed Metrics to NDVI Increase Predictability?
The addition of other remotely sensed metrics to NDVI did increase the amount of explained
variation for avian abundance and species richness. When the other remotely derived metrics (table B3)
were added to NDVI and a stepwise regression was carried out, abundance was best modeled by NDVI
and SD 10.9ha (adjusted R2 = 0.125, F2,262 = 19.896, p < 0.001; table B6), where increasing SD 10.9ha
increased bird abundance. The inclusion of SD 10.9ha raised the R2 value only by approximately 2.7
percent from NDVI alone (fig. B2).
Species richness, however, was best modeled with NDVI and the inclusion of only Elevation
(adjusted R2 = 0.102, F2,262 = 15.937, p < 0.001; table B6). Again, species richness showed an increase
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with Elevation. While this model still only accounted for just more than 10 percent of the variation, the
inclusion of latitude was better than NDVI alone (fig. B2).
Model Comparison

When comparing the outputs of all of our models for abundance and richness, including those
with only vegetation parameters, those with vegetation parameters plus NDVI, and those with NDVI
plus other remotely sensed parameters; an AIC analysis revealed that for abundance, NDVI and the
inclusion of either vegetation metrics or remotely sensed metrics, were all competitive models (∆i < 2;
table B7). For richness, the vegetation-only model and the last two steps of the model adding vegetation
to NDVI were considered competitive (table B8).

Discussion
We found that the vegetation parameters that had the most influence on NDVI generally were
not the same parameters that were correlated with our bird metrics, further indicating that NDVI used
alone is not suitable for avian community modeling. The only overlapping parameters were Mesquite,
which was in all regressions for our bird metrics, and Cover greater than 15 m and Water, which were
both selected in a model for abundance.
Certain parameters were incorporated in several models. Mesquite was selected in all models
where vegetation parameters were included and consistently had a negative relationship with NDVI and
our bird metrics. Because our vegetation surveys encompassed approximately 15 m on each side of the
point count, we can assume that areas where mesquite was detected had narrower riparian area than sites
without mesquite. Less riparian vegetation would yield a lower NDVI value; these areas would also
support lower numbers and a lower diversity of birds.
Willow also was selected in all models for abundance and richness that included vegetation
parameters, and always had a positive relationship with our bird metrics. Why Willow was such a
strong predictor is unknown, but the influence of Willow on birds was greater than that of Cottonwood.
Highly correlated with Tot Cover (r = 0.83), the effect of Cottonwood effect was not selected in any
models for birds.
Water was included in both models for abundance that incorporated vegetation parameters. The
presence of water always increased NDVI as well as our bird metrics. However, the spectral signature
of water lowers the NDVI value in mixed pixels (Justice and others, 1985; Pettorelli and others, 2005),
so we can assume that the presence of water does not directly increase NDVI but instead allows more
vegetation at a site. Areas with water present tend to have full canopies and support more cottonwoods
and dense vegetation (Brand and others, 2008), and we would expect these areas also would have more
birds (Mills and others, 1991).
Tot Cover was included only in the model for NDVI and was retained in the models, indicating
that the composition of the cover, not the amount, is important to birds. Tamarisk, however, was not
included in any of our models. Although tamarisk was present at 114 of our 265 point locations, we
surveyed only 8 points where 10 percent or more of the cover, as seen from above, was composed of
tamarisk. Therefore, the effects of tamarisk possibly could have been lost because of a small sample
size. However, willow and mesquite also were only detected in small quantities at our sites—with only
40 points being 10 percent or more covered by willow and 0 points having that much mesquite—yet the
effects of these trees still came out in multiple models. Therefore, the effect of tamarisk is inconclusive,
but tamarisk does have less influence on birds in our study site than the native shrub species.
Of our remotely sensed metrics, only NDVI, SD 10.9 ha, and Elevation were included in our
models. Abundance decreased with Elevation, with more birds occurring to the north, or downstream;
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but unlike abundance, richness increased with Elevation, with fewer species present farther north. Since
Latitude and Elevation are so highly correlated, either of these metrics could be the basis of this change,
but this data indicates that a tradeoff may exist between the number of birds and the diversity an area
can support. Additionally, as SD 10.9 ha increased, more birds were present, indicating that more
heterogeneous or fragmented areas may support more birds. Floodplain, a metric that was an integral
part of Hatten and Paradzick’s (2003) SWWF model, was not selected when modeling abundance or
richness.
The addition of vegetation parameters to NDVI did increase the predictability of NDVI for
abundance and richness, but the increases were small (5.8 and 12.3 percent, respectively). NDVI was
the first metric entered when a stepwise regression was run for abundance, showing that NDVI is
important in predicting the number of birds present at a site. However, for species richness, NDVI was
not selected to be included in the model with vegetation, indicating that NDVI is not as important in
modeling species richness as vegetation. We would expect thicker vegetation to yield greater numbers
of birds (Mills and others, 1991), but not necessarily greater numbers of species. An increase in
vegetative productivity would directly provide more resources to individuals, allowing for higher
abundances, but greater species richness would be an indirect product of higher abundances. This could
account for why NDVI is more important to avian abundance than species richness.
The results of our model comparisons and our adjusted R2 values suggest that vegetation is a
necessary addition to a model, whether or not NDVI is included. Modeling with NDVI alone explains
more variation for avian abundance than species richness, but the addition of other parameters to NDVI
dramatically increases the explained variation when modeling richness. Models that include vegetation
work best for modeling birds, but the model with remote-sensing metrics was not far behind for avian
abundance. Our AIC analyses suggest that, for avian abundance, the model including remotely sensed
metrics is just as likely to be the best model as the model including NDVI and vegetation. However, the
models including only vegetation parameters to model abundance were not favored by AIC. For species
richness, however, the models containing only vegetation and vegetation with NDVI were favored by
AIC.
Even with additional metrics included in our models, considerable variation remained
unexplained (fig. B2). Much of this variation is probably related to error associated with remote
sensing. From the imagery, NDVI is calculated on a 30-m2 scale, and although this scale is relatively
fine for satellite imagery, much variation in vegetation can be missing in a 30-m2 pixel. Additionally,
GPS units often may have associated location error, especially during cloud cover or when underneath
tall trees (Wing and others, 2005). However, despite these sources of error and variation, our models
included many significant parameters, showing that remotely sensed variables have potential for use in
avian community monitoring. Remote sensing can monitor habitat on much larger scales and with less
time required than traditional methods, and further investigation of these methods will yield benefits to
avian management.

Conclusions
We determined that the addition of vegetation parameters and other remotely sensed parameters
to NDVI increased the explanatory power of our models, and that the best models to predict avian
abundance include NDVI with either remote sensing or vegetation metrics. The best models to predict
species richness included vegetation metrics, with or without NDVI. However, the increases in
explained variation are small, and considerable variation still remains unexplained.
Certain patterns were consistent within our models. We can conclude that in general, species
richness and abundance increase with higher NDVI and more total cover. The presence of water also
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resulted in an increase in avian abundance. Our data also demonstrate that more birds and more species
exist in areas where riparian habitat has greater width, and in areas with more canopy cover and more
cottonwoods. This finding reinforces the importance of conserving and reestablishing mature
cottonwood and willow gallery forests along rivers.
Based on the findings of Jones and others (2008), the protection of riparian areas from grazing
and development has increased NDVI in these areas. Unprotected riparian areas generally have fewer
cottonwoods, less water, and a narrow riparian belt (Jones and others, 2008). Our data demonstrate that
areas with high NDVI values, more cottonwoods, more water, and wider riparian zones support high
abundances and diversity of avian species, suggesting that the protection of the SPRNCA from grazing
since 1988 has increased bird abundance and diversity in the breeding season.
Overall, NDVI models may not be as successful at modeling general avian community structure
as they are at modeling individual species (Tucker and others, 1997; Penhollow and Stauffer, 2000;
Seoane and others, 2004). Because vegetation structure is so important in modeling avian assemblages,
future investigations should examine how particular vegetation parameters can be gathered more easily
by remote-sensing techniques, using either vegetation indices or aerial photography. Additionally, the
use of purely remote-sensed metrics should be further investigated for species of conservation concern
in riparian areas of the desert Southwest, and for the future monitoring and management of at-risk
species.
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Figure B-1.
Map showing our study site along the upper San Pedro River, southeastern Arizona. The San Pedro Riparian National
Conservation Area is managed by the Bureau of Land Management, and Three Links Farm is managed by The Nature Conservancy.

Three Links Farm

SPRNCA
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Figure B-2.
Graph showing differences in explained variation (R2) among models for avian abundance and species richness using Normalized
Difference Vegetation Index (NDVI), vegetation, NDVI and vegetation, and NDVI and other remote-sensing (RS) metrics. Richness is best
modeled with vegetation alone, while abundance is best modeled with NDVI and vegetation together.
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Table B-1.

Common species of birds, detected on the San Pedro River from 2005-2008, that were used in our analyses (see Table A-1 for genus and
species names). Species were limited to passerines and woodpeckers and required detection at 20 census points or more.

Common Species
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

Abert's Towhee
Ash-throated Flycatcher
Brown-crested Flycatcher
Bell's Vireo
Bewick's Wren
Botteri’s Sparrow
Brown-headed Cowbird
Blue Grosbeak
Black Phoebe
Bullock's Oriole
Cassin's Kingbird
Common Yellowthroat
Gila Woodpecker
House Finch
Ladder-backed Woodpecker
Lesser Goldfinch
Lucy's Warbler
Northern Beardless Tyrannulet
Northern Cardinal
Northern Flicker
Song Sparrow
Summer Tanager
Vermilion Flycatcher
White-breasted Nuthatch
Western Kingbird
Western Wood Pewee
Yellow-breasted Chat
Yellow Warbler
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Table B-2.

Final nine vegetation metrics (plus Water and Latitude) used in our regressions for model building.

[Cottonwood was left out due to a high correlation with Total Cover. All metrics except for Water and Latitude
are log10(x + 1) transformed to meet conditions of normality]

Parameter

Description

Water

Presence or absence of water in river at point count location (binomial)

Tot Cover

Average percentage of total cover (all height strata, as if viewed from
above) within four quadrants of point count location; transformed with
log10(x + 1) transformation

Cover >15 m

Average value (0-5) of low vegetation within four quadrants of point count
location; transformed with log10(x + 1) transformation

Cover 5-15 m

Average percentage of cover between 5 and 15 m tall within four quadrants
of point count location; transformed with log10(x + 1) transformation

Cover < 5 m

Average percentage of cover under 5 m tall within four quadrants of point
count location; transformed with log10(x + 1) transformation

Mesquite

Average percentage of mesquite cover at all height strata as seen from
above within four quadrants of point count location; transformed with
log10(x + 1) transformation

Willow

Average percentage of willow cover at all height strata as seen from above
within four quadrants of point count location; transformed with log10(x + 1)
transformation

Tamarisk

Average percentage of tamarisk cover at all height strata as seen from
above within four quadrants of point count location; transformed with
log10(x + 1) transformation

Elevation

Meters above sea level

Cottonwood
Latitude

Correlate

r

Average percentage of cottonwood cover at all
height strata as seen from above within four
quadrants of point count location

Tot Cover

0.830

Northing value in grid format, NAD27 UTM
Zone 12N

Elevation

-0.998
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Table B-3.

Final seven Normalized Difference Vegetation Index (NDVI)-related remote-sensing metrics (including Latitude) used in our regressions for
model building. Some metrics were left out because of high correlation factors with other metrics.

Parameter

Description

NDVI

NDVI value at point count location (30m2 or 0.09ha)

SD 0.8ha

Standard deviation (SD) in NDVI values within a 0.8-ha neighborhood

Avg 10.9ha

Average NDVI value within a 10.9-ha neighborhood

Max 10.9ha

Maximum NDVI value within a 10.9-ha neighborhood

Min 10.9ha

Minimum NDVI value within a 10.9-ha neighborhood

SD 10.9ha

Standard deviation (SD) in NDVI values within a 10.9-ha neighborhood

Floodplain

% floodplain or flat of 41-ha neighborhood; transformed by X2 transformation

Elevation

Meters above sea level
Correlate

r

Avg 0.8ha

Average NDVI value within a 0.8-ha neighborhood

NDVI

0.843

Max 0.8ha

Maximum NDVI value within a 0.8-ha neighborhood

Avg 0.8ha

0.891

Min 0.8ha

Minimum NDVI value within a 0.8-ha neighborhood

Avg 0.8ha

0.844

Avg 4.5ha

Average NDVI value within a 4.5-ha neighborhood

Avg 10.9ha

0.923

Max 4.5ha

Maximum NDVI value within a 4.5-ha neighborhood

Max 10.9ha

0.896

Min 4.5ha

Minimum NDVI value within a 4.5-ha neighborhood

Min 10.9ha

0.797

SD 4.5ha

Standard deviation (SD) in NDVI values within a 4.5-ha neighborhood

SD 10.9ha

0.878

Latitude

Northing value in grid format, NAD27 UTM Zone 12N

Elevation

-0.998
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Table B-4.

Normalized Difference Vegetation Index (NDVI), abundance, and richness modeled by vegetation metrics. Metrics were selected by stepwise
regression analysis. Sample size was 265 for all regressions.

Term
NDVI

Abundance

Richness

Estimate

Std Error

t Ratio

Prob>|t|

Intercept

-0.036

0.038

-0.950

0.345

Water

-0.032

0.007

-4.360

<0.001

Tot Cover

0.058

0.020

2.910

0.004

Cover > 15m

0.046

0.016

2.920

0.004

Cover < 5m

0.129

0.025

5.190

<0.001

Mesquite

-0.110

0.037

-3.020

0.003

Intercept

17.450

2.459

7.100

<0.001

Water

-0.651

0.196

-3.310

0.001

Cover > 15m

0.697

0.263

2.650

0.009

Willow

0.955

0.361

2.650

0.009

Mesquite

-2.670

0.913

-2.920

0.004

Elevation

-0.006

0.002

-2.810

0.005

Intercept

0.221

1.833

0.120

0.904

Willow

0.686

0.286

2.400

0.017

Mesquite

-2.754

0.740

-3.720

0.000

Elevation

0.008

0.002

5.470

<0.001
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Table B-5.

Abundance and richness modeled with Normalized Difference Vegetation Index (NDVI) and the addition of vegetation parameters. When
modeling abundance, stepwise regression yielded the parameters shown. NDVI had to be entered manually for richness and stepwise regression
followed. Sample size was 265 for both regressions.

Abundance

Richness

Table B-6.

Term

Estimate

Std Error

t Ratio

Prob>|t|

Intercept

15.299

2.455

6.230

<0.001

NDVI

4.877

1.365

3.570

0.000

Water

-0.540

0.200

-2.700

0.007

Willow

0.710

0.362

1.960

0.051

Mesquite

-2.348

0.908

-2.580

0.010

Elevation

-0.005

0.002

-2.210

0.028

Intercept
NDVI
Willow
Mesquite
Elevation

0.111
1.639
0.580
-2.610
0.008

1.829
1.056
0.294
0.743
0.002

0.060
1.550
1.980
-3.510
5.290

0.952
0.122
0.049
0.001
<0.001

Abundance and richness modeled with Normalized Difference Vegetation Index (NDVI) and the addition of other remotely sensed metrics.
Metrics were selected by stepwise regression analysis. Sample size was 265 for all regressions.

Abundance

Richness

Term
Intercept
NDVI
SD 10.9ha
Intercept
NDVI
Elevation

Estimate
7.466
5.168
22.752

Std Error
0.804
1.404
7.540

t Ratio
9.290
3.680
3.020

Prob>|t|
<0.001
0.000
0.003

0.444
2.525
0.008

1.853
1.046
0.002

0.240
2.410
4.910

0.811
0.017
<0.001
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Table B-7.

Akaike’s Information Criterion (AIC) comparison of various models for avian abundance. Models with low ∆i are more parsimonious, whereas
wi represents the probability of each model being the best, given the data and this candidate set of models. Sample size was 265 for all models.

Model
NDVI, SD 10.2ha
NDVI, Mesquite, Willow, Water,
Elevation
NDVI, Mesquite, Willow
NDVI, Mesquite, Willow, Water
NDVI, Mesquite
NDVI
Water, Willow, Mesquite,
Elevation, Cover >15m
Water, Willow, Mesquite,
Elevation
Water, Willow, Mesquite
Water, Willow
Water

RSS
2040.9

3

1946.4
2013.5
1983.1
2062.3
2111.9

p

AICc
-253.530

∆i
0.000

exp(-1/2∆i)
1.000

wi
0.201

6
4
5
3
2

-253.472
-253.199
-253.099
-252.210
-251.303

0.057
0.330
0.431
1.320
2.227

0.972
0.848
0.806
0.517
0.328

0.195
0.170
0.162
0.104
0.066

1988.4

6

-250.658

2.871

0.238

0.048

2042.3
2083.2
2154.3
2220.2

5
4
3
2

-249.306
-248.885
-246.834
-245.295

4.224
4.644
6.696
8.235

0.121
0.098
0.035
0.016

0.024
0.020
0.007
0.003
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Table B-8.

Akaike’s Information Criterion (AIC) comparison of various models for avian species richness. Models with low ∆i are more parsimonious,
whereas wi represents the probability of each model being the best descriptor, given the data and this candidate set of models. Sample size was
265 for all models.

Model

RSS

p

AICc

∆i

exp(-1/2∆i)

wi

Elevation, Mesquite, Willow
NDVI, Elevation, Mesquite,
Willow

1322

4

-321.612

0.000

1.000

0.527

1309.9

5

-321.438

0.174

0.917

0.483

NDVI, Elevation, Mesquite

1329.6

4

-320.449

1.163

0.559

0.294

Elevation, Mesquite

1351.1

3

-319.265

2.347

0.309

0.163

NDVI, Elevation

1387.8

3

-314.001

7.610

0.022

0.012

Elevation

1418.7

2

-311.851

9.761

0.008

0.004

NDVI

1515.3

2

-299.918

21.694

0.000

0.000

Conversion Factors and Acronyms
mi = miles
ha = hectare
μm = micrometers
m = meters
m2, meters squared
∆i = index change
SD = standard deviation
χ2 = Chi Square
MODIS = Moderate Resolution Imaging Spectroradiometer
NDVI = Normalized Difference Vegetation Index
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