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Wildlife-habitat relationships models include spatially explicit models that “keep
track of the exact locations of plants and animals” (Kareiva and Wennergren
1995:299) or “have a structure that specifies the location of each object of interest”
(Dunning et al. 1995:4). Application of spatially explicit habitat models has been
facilitated by readily available aerial and satellite imagery, global positioning sys-
tems (GPS), increasingly comprehensive field inventories, and geographic informa-
tion systems (GIS) (O’Neil et al. 2005; Dijak and Rittenhouse, this volume;
Fitzgerald et al., this volume). These tools, particularly GIS, are common in land-
scape-level habitat assessments (O’Neil et al. 2005), though their use is not without
concern (Stoms et al. 1992, Corsi et al. 2000). Numerous GIS-based landscape-level
habitat models have been published in the ecological literature, with most authors
emphasizing habitat model construction and performance while ignoring
how inherent limitations in GIS data, habitat classification schemes, or data proces-
sing assumptions may have influenced their findings. It is our goal to increase
awareness of these issues when conducting large-scale wildlife-habitat assess-
ments using GIS.

Models benefit wildlife-habitat relationships studies by offering a framework
for integrating uncertainty and error and by identifying complex and sometimes
obscure relationships (Anderson and Gutzwiller 2005). Model applications
are common at all levels of resource decision making ranging from operational,
site-specific evaluations to strategic, large-scale evaluations. Modeling wild-
life habitat over this range of scales requires many assumptions about the rela-
tionships between wildlife population metrics and habitat occurrence, quality,
and spatial distribution (Beutel et al. 1999). Standard modeling protocol is to
(1) explicitly state all assumptions early in the process; (2) substantiate those
assumptions with field data, published information, or expert opinion;
(3) hypothesize the relationships among wildlife and their habitat; and (4) use
the modeling framework to evaluate sensitivities and produce output.
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One critical assumption underlying this protocol is that habitat is accurately
characterized at ecologically relevant scales to the organism(s) of interest.

Projects involving the testing of spatially explicit wildlife-habitat models
often emphasize wildlife model mechanics and outputs, with less consideration
given to how GIS maps and associated attribute information interface with
model performance. This is an erroneous approach to understanding model per-
formance. The first question to ask and integrate into spatially explicit wildlife
model evaluations is whether supporting GIS data provide an accurate represen-
tation of habitat. It is important to remember that GIS data are often derived
from models having their own assumptions that influence how data should be
interpreted and used. In many cases, wildlife-habitat modelers have little or no
involvement in creating GIS data that support their projects and thus may not
be aware of data-specific limitations.

The combined experience of the chapter authors as GIS data developers and
users in support of wildlife-habitat modeling provides the basis for this chapter.
In recounting some of our experiences, we hope to facilitate scientifically rigor-
ous application of GIS to wildlife habitat assessments (also see Corsi et al. 2000
and Bissonette and Storch 2003). We divided our experiences and commentary
into six general categories: (1) analysis structure; (2) data abundance; (3) vege-
tation change analyses; (4) classification systems; (5) spatial and temporal scale
issues; and (6) technological considerations. These categories are not indepen-
dent; rather they are often inseparable in GIS modeling projects. We also stress
that our presentation should not be viewed as a complete treatise on GIS’s role
in characterizing wildlife habitat across landscapes. Textbooks have been writ-
ten on individual components in our chapter, and the literature cited should
help in identifying these sources. Instead, we offer our experiences to stimulate
critical thinking during the process of conducting landscape-level habitat assess-
ments using GIS. We suggest that wildlife modelers with GIS skills tend to have a
good understanding of ecological issues, but few have a complete understand-
ing of GIS technology and data limits and potential relationships to analysis
and interpretation.

ANALYSIS STRUCTURE

At the core of all good wildlife-habitat analyses is a well-thought-out issue or
problem statement and an analytical process to address it (Starfield 1997,
Morrison et al. 1998:141, Corsi et al. 2000). If the issue statement is erroneous
or incomplete, even the best analysis will be inadequate or potentially wrong
(Hammond et al. 1999). We have witnessed firsthand how this basic tenet of
good decision making and analysis can be compromised by data availability or
use restrictions. In most situations, the issue or problem statement retains its
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integrity and the path to the “best” answer is altered. In extreme situations,
even the issue or problem statement can change.

Consider the use of Forest Inventory and Analysis (FIA) plots in wildlife-
habitat modeling. The FIA program is a collection of related surveys designed to
focus on different aspects of America’s forested ecosystems. A portion of this pro-
gram includes a temporally continuous forest inventory based on a systematic grid
of plots across the country. The exact locations of FIA plots are legally protected
from the public (U.S. Forest Service 2005). This is not an uncommon practice,
as numerous worldwide examples exist of governments restricting access to
high-resolution “science-quality” data (Estes and Mooneyhan 1994). Individual
landowners can acquire their FIA plot locations through the Forest Service
because landscape-level habitat assessments often span multiple ownerships.
However, use of geo-referenced FIA data is restricted to those with proprietary
permission. Thus, the utility of FIA data is limited for wildlife modelers external
to the Forest Service wishing to map habitats across large landscapes using algo-
rithms that require geo-referenced point data (e.g., Frescino et al. 2001). One solu-
tion to this limitation has been to work with the Forest Service on using FIA data to
attribute habitat classification schemes that hide or blur specific plot locations.

Linden (2000) recently used this approach to map habitat for Canada lynx
(Lynx canadensis) across Michigan’s Upper Peninsula. Linden initially proposed
using a clustering algorithm (k-means; MacQueen 1967) that required geo-
referenced inventory data for mapping forest structure. The k-means approach
was selected as the best procedure for fulfilling project objectives because it
generated a robust forest structure map based on attributes deemed important
to lynx along with classification error estimates. However, to comply with the
proprietary FIA data issues, Linden (2006) abandoned the k-means approach
and instead, working with the Forest Service, associated FIA plots to strata in
a preconceived classification. The preconceived classification was ecologically
based but developed for uses other than lynx habitat assessments. Thus,
although Linden identified a preferable method for mapping and attributing
lynx habitat across Michigan’s Upper Peninsula, this methodology was modified
because of data use constraints. The effect of using this alternative methodology
on lynx habitat assessment accuracy is unknown and, at the study area extent
may be negligible. However, Linden’s habitat assessment serves as an example
of how certain scale(s) (in this case a less resolute classification system) can
be forced onto projects by data use restrictions.

Recommendations

Wildlife-habitat modelers should cautiously adjust study designs or analyses in
response to available data constraints. One must ensure that the original prob-
lem or issue statement can be addressed. A large part of framing appropriate
analyses is developing a sound understanding of input data and the intended
target scales (e.g., geographic scale, temporal scale, attribute detail). We have
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experienced situations in which tool or data availability determined how a
modeling application proceeds, sometimes compromising the original question.
Failure to understand the driving purpose for conducting an analysis can result
in inapplicable results, wasted resources, wrong directions of applications, or a
combination of these.

Part of developing a sound issue statement and project objectives is consid-
eration of how scale and accuracy affect model outputs. These considerations
tend to be ignored during project development stages, and modelers find their
results are less useful or corrupted by these factors. We encourage modelers
to identify their scalar needs (e.g., data grain, extent, positional accuracy, classi-
fication error) while formulating their project objectives. We are not necessarily
advocating for explicit inclusion of scalar needs in the issue statement or project
objectives. Rather, these needs should be used to evaluate the likelihood of ful-
filling project expectations. An early understanding of scalar needs provides one
metric for evaluating data set utility.

DATA ABUNDANCE

In the age of Internet data libraries, user-friendly software, desktop computers,
and high-speed Internet access, data are abundant and readily available. Thor-
ough data documentation is critical in all analysis situations, but many poorly
documented data sets are publicly available, often used, and transferred among
colleagues. The tendency for data users to manipulate GIS layers (e.g., change
resolution, conduct reclassifications) and not document these manipulations
exacerbates potential misuses. In general, data developers tend to provide com-
plete documentation. However, that completeness often erodes as users modify
data to fulfill their needs. Improvements in data documentation software (e.g.,
Earth Systems Research Institute’s [ESRI's] metadata management tools) have
helped alleviate some documentation issues, but we contend that the majority
of GIS users fail to consistently document their data sets. Part of the scientific
process associated with using GIS data includes understanding its correct use.
Poor or incomplete data documentation hinders this process.

In some situations habitat modelers may simply be overwhelmed by data and
be forced to rank the utility of those resources (O’Neil et al. 2005). When avail-
able, GIS metadata offer a source of information that can help identify pertinent
GIS layers. Metadata are referred to as “data about data” and can be thought of as
detailed data descriptions. Users should initially evaluate metadata for publica-
tion date, abstract, purpose, use constraints, and positional and attribute accu-
racy (e.g., significant figures of measurement) statements to ensure that the
data are aligned with project objectives. In data selection situations in which
metadata are lacking or a quantitative evaluation of available data is needed,
we favor exploratory data analyses. Exploratory data analyses are designed
to identify important GIS layers, where importance is defined by the layer’s
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association with patterns of wildlife species occurrence, abundance, or habitat
use. Numerous tools exist for conducting exploratory data analysis ranging from
simple evaluation of statistical distributions and correlation matrices to more
complex multivariate analyses (e.g., cluster analysis, factor analysis; Hirzel
et al. 2002, Zaniewski et al. 2002, Engler et al. 2004, among others). Tools also
are available for determining significance of GIS layers once they are selected
including generalized linear models (e.g., Pereira and Itami 1991, Bian and West
1997, Mladenoff et al. 1999, Osborne et al. 2001, Luoto and Seppilid 2002,
Brotons et al. 2004), GIS-based simulation (Wu, E, 2004; Wu, J., 2004), and
others (see review in Guisan and Zimmerman 2000, Segurado and Aratjo 2004).
Although there is often an abundance of data available to support wildlife-
habitat modeling, it seems we seldom can find exactly what we need. This leads
to another potential problem related to data abundance and the ease with which
even novice GIS users can manipulate data. Spatial data are often provided in dif-
ferent data structures, formats, and resolutions (Garbrecht et al. 2001). Data pro-
cessing and conversion into a consistent spatial reference system, format, and
resolution are often needed for practical applications (Garbrecht et al. 2001). Also,
because we rarely have exactly what we want, we often manipulate data to meet
our needs. Simple GIS processes (such as “intersect”) that generate new combina-
tions of polygons (a map data structure based on areas closed by lines) or rasters (a
map data structure based on cells) from multiple input layers are commonly used.
These combinations can result in data integrity degradation (e.g., formation of
“sliver” polygons, unrealistic attribute combinations) and a divergence from the
original metadata. We recognize the value of manipulating data to meet specific
project needs; however in doing so users should check the resulting data layers
for common errors. These include boundary mismatches (e.g., shorelines
between two data sets may not match depending on water levels at the time of
original mapping), polygons or patches below the minimum mapping unit, and
unrealistic attribute combinations (e.g., a forest cover type that overlays a lake).

Recommendations

When considering data resources developed external to a project or by others,
first and most importantly, one must seek out and read any metadata, supporting
reports, or other detailed background information which helps in using the data
correctly. Sometimes this assessment requires map displays of source informa-
tion, and during this phase visualization tools can facilitate understanding
(Ramsey and Strong 2000). One needs to pay close attention to issues of scale
and accuracy that will influence the ability to make inferences on wildlife-
habitat relationships. Failing to conduct this initial step is often the first mistake
in a modeling project and will ultimately impact all other steps. When mani-
pulating data, one needs to closely document analysis steps and incorporate
processes and decisions into the resulting layer’s metadata (see the Federal
Geographic Data Committee metadata standard as reviewed in O’Neil et al.
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[2005] or the international standards reviewed by Moellering et al. [2005] for
guidance on building or editing metadata). One must ensure that subsequent
users of data and analyses can replicate the work. Data abundance offers the
opportunity to explore multiple relationships and develop better modeling
designs; however, we caution against the tendency to make models overly com-
plex (Burnham and Anderson 1998).

VEGETATION CHANGE ANALYSES

Data limitations in modeling vegetation (or habitat) change over multiple time
periods are frequently ignored. Vegetation change analyses often involve com-
paring GIS data derived from different sources and processes. Our general con-
cern is that classification processes, resolution, and accuracy limitations of time
series data are often ignored or downplayed in change analyses. This concern
applies to any spatial time series but is perhaps most exemplified by analyses
using presettlement vegetation.

It is not uncommon for modelers to rely on presettlement vegetation maps as a
baseline for assessing habitat or cover type changes (e.g., Rodgers and Anderson
1979, Van Deelen et al. 1996, Cowell 1998, Radeloff et al. 1999, Farley et al.
2002, Pidgeon et al. 2005, Schulte et al. 2005). These analyses are extremely useful
for understanding broad-scale changes in vegetation types and associated ecologi-
cal processes (Manies and Mladenoff 2000, Delcourt and Delcourt 2006); how-
ever, presettlement data have several limitations that influence their utility and
proper application (reviewed by Wang 2005). In our experience, modelers often
embark on using presettlement data without fully understanding three important
limitations related to scale, boundary inaccuracies, and underrepresentation of
certain vegetation types.

Scale-Related Limitations

Although presettlement data are most appropriately used for broad-scale, regional
assessments (Schulte and Mladenoff 2001, Manies and Mladenoff 2000, Delcourt
and Delcourt 2006), the data are frequently used for finer scale change analyses.
For example, simulation data from Michigan suggest that inference to scales
<65 ha should be avoided when using presettlement vegetation maps derived
from the General Land Office (GLO) survey (Delcourt and Delcourt 2006). This
scale roughly corresponds to a quarter-section, one of the smallest scales at which
GLO data were consistently collected. It is common practice to ignore this scale-
related limitation when conducting change analyses between presettlement and
current data. For example, a simple change analysis using GLO and more current
(circa 2000) satellite-derived data from Michigan suggests a noticeable change in
spatial distribution and patch sizes of aspen (Populus spp.) (Fig. 11-1). Often,
the validity of an analysis like that presented in Fig. 11-1 is not questioned.
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Il GLO (late 1800s) aspen I IFMAP (circa 2000) aspen Historically aspen and currently
cover type and Public Land cover type a different cover type
Survey System (PLSS)
section lines b C
FIG. 11-1

Scale limitation of General Land Office (GLO) settlement data for conducting change analyses
on aspen cover type in a northern lower peninsula of Michigan township, Michigan, USA.

A) GLO aspen cover type; B) Michigan Department of Natural Resources (MDNR) Integrated
Forest Monitoring Assessment and Prescription (IFMAP) aspen cover type for the same
township; and C) a change analysis showing historic, current, and areas of overlap.

However, it is important to remember that GLO data were not collected in a
manner that would have detected the numerous small aspen patches not inter-
secting section or quarter-section corners or section lines (Fig. 11-1). Some
modelers have explored techniques for extracting finer scale information from
the GLO, but these procedures have generally been viewed as qualitative and
not easily reproducible (reviewed in Schulte and Mladenoff 2001). The coarse
resolution of GLO data makes extrapolation to small-scale vegetation associa-
tions problematic except in cases of extremely homogenous vegetation (Cowell
1995).

There are also two issues related to GLO data temporal scale that are relevant
to change analyses: survey timing and observed phenomenon age (Wang 2005).
Although GLO data collection often spanned several decades (Haines and Sando
1969, Wang 2005), the data are generally accepted as a single ecological period
of vegetation development (Brown 1998b, Schulte and Mladenoff 2001). GLO
surveyors did not specifically record the age of observed events, but they did
collect enough information to permit inference on disturbance frequencies
and successional processes (reviewed by Wang 2005). For example, in Michigan
a commonly used presettlement map is based on GLO survey records dating
1816 to 1856 (Comer et al. 1995). In vegetation change analyses, these 40 years
are often viewed as a snapshot in time (e.g., Fig. 11-1). By today’s standards of
mapping vegetation dynamics, this would not be an acceptable practice, partic-
ularly for operational or tactical decision making.

Recommendations.—When conducting vegetation change analyses, GIS users
should restrict inference to the coarsest minimal map unit for their input data
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layers. In Michigan’s case, presettlement data patches <65 ha in size are errone-
ously included in comparisons. A better representation of vegetation change
could be derived by simulating GLO data collection processes and patch mapping
algorithms on the current vegetation data layer. This would help standardize
spatial scales.

We caution modelers conducting vegetation change analyses over multiple
time periods to consider how mismatches in temporal scales among data sources
may influence their results. For example, understand how vegetation commu-
nity dynamics, particularly for shortlived communities, relate to the temporal
scale of measurement. Consider the temporal scales of disturbance regimes
and how disturbances may affect the ability to detect certain vegetation types.
Vegetation change analyses are most appropriately conducted on data derived
using the same sources (e.g., satellite sensor), techniques, and spatial and
temporal scales.

Boundary Inaccuracy Limitation

Boundary mapping errors should be considered when evaluating changes in
spatial extent or boundary locations among time periods. For example, Michi-
gan’s presettlement vegetation maps were derived from an ecologist’s interpre-
tation of GLO surveyor’s notes along survey section lines (Public Land Survey
System, PLSS). Boundaries between different vegetation types that occurred
within section boundaries were interpolated using USGS 7.5 minute quadran-
gles and should be considered an approximation (Comer et al. 1995). Brown
(1998b) suggested that presettlement boundaries are best portrayed as fuzzy,
indicative of the vagueness associated with the mapping process. Additionally,
Wang (2005) noted that many Public Land Survey Records (of which the GLO
is a subset in the United States) contain three inherent positional accuracy
issues: mislocation of corners, mislocation of landscape features, and incorrect
positions of bearing trees. These inaccuracies reinforce the importance of using
presettlement data for coarse-level assessments and not inferring an artificial
sense of accuracy to the representations.

Boundary limitations are not unique to comparisons using GLO. We con-
ducted a simple, visual inspection of wetland maps delineated by the Michigan
Department of Natural Resources (MDNR; 2001) (based on 1998, 1:12,000
aerial photography) and National Wetlands Inventory (NWI) maps (based on
1971, 1:58,000 scale aerial photography) (Fig. 11-2). The MDNR wetland poly-
gons were digitized by a photo interpreter. In contrast, the NWI maps for Michi-
gan were transformed by hand onto 1:24,000 U.S. Geological Survey (USGS)
quadrangles and then scanned to produce a digital form. Even though two sig-
nificantly different processes were used to generate the wetlands maps, an unin-
formed user may simply compare the 1971 NWI and 1998 MDNR data to
calculate the aerial extent of wetland change over that time period. For wet-
lands A and C in Fig. 11-2, that analysis would suggest 0.8 and 0.5 ha increases,
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FIG. 11-2
Boundary delineations for National Wetlands Inventory (NWI) (1971) and Michigan Department

of Natural Resources (MDNR) wetlands (1998) overlaid on National Aerial Imagery Program
(NAIP); USDA (2000).

respectively. Although the areas of wetland B were similar (0.1 ha difference),
note the apparent positional error between the data sources (Fig. 11-2). Bound-
ary discrepancies occurred between the NWI and MDNR data, and from a sim-
ple comparison one might conclude that wetlands A and C are increasing in
size and all wetland boundaries are dynamic. Is this a real ecological phenome-
non or an artifact of boundary delineation processes? Without evaluating the
metadata to understand differences in how boundaries were delineated
between the two data sets, a modeler may incorrectly attribute the increase in
wetland size as an ecologically significant event.

Recommendations.—Evaluate metadata to understand methods for bound-
ary delineation. Quantify potential boundary delineation error among map
sources and establish confidence in the boundary locations. Then, if the shifts
in boundary locations fall outside confidence estimates, there is more reason
to hypothesize that the differences are ecologically based.

295



296

CHAPTER 11 Lessons Learned from Using GIS

Underrepresentation of Vegetation Types Limitation

The third limitation potentially influencing correct use of historical data for vege-
tation change analysis involves underrepresentation of vegetation communities
that historically occurred as small patches (Barbour et al. 1999), such as aspen-
birch (Betula spp.) and some wetlands in Michigan. Additionally, those vegetation
types located on complex topography may not have been as thoroughly surveyed
as other areas (Liegel 1982, Manies and Mladenoff 2000, Black and Abrams 2001).
Biases in bearing tree selection in the GLO also influence its utility for portraying
some vegetation types, but this bias can be somewhat alleviated by also including
the section line notes (Wang 2005). Underrepresentation of certain vegetation
types and GLO survey biases warrant caution when comparing the frequency
and abundance of vegetation types between presettlement data and more recent
cover type data acquired through air photo or satellite interpretation.

Recommendations.—It is important to question whether the cover type(s)
of interest had similar detection probabilities between the different sampling
approaches prior to drawing strong inference from a change analysis. If detection
probabilities are unequal due to the scale of source data, then a data bias exists.
Recognizing these limitations among data collected using different technologies
and from different time periods will increase scientific rigor in conducting vegeta-
tion change analyses.

CLASSIFICATION SYSTEMS

Classification Language

Wildlife habitat models rely on a description of habitat. There are two general
mapping models used to portray habitat in a GIS environment: (1) a patch-
corridor-matrix model and (2) a continuum model. The patch-corridor-matrix
model (Forman and Godran 1981, 1986) relies on our ability to denote “patches”
of relatively homogenous communities, identify connecting “corridors” between
those patches, and map the “matrix” that forms the background for patches and
corridors (Forman and Godran 1981). The patch-corridor-matrix model is most
commonly used in wildlife applications that can be portrayed in vector or raster
data structures in the GIS. This type of discrete vegetation model has been recog-
nized as inadequate where representations of spatial gradients or spatial patterns
of boundary uncertainty are desired (Brown 1998a), but in terms of practical
application, the patch-corridor-matrix model is preferred because it aligns with
the ecological community concept and is easier to visualize on the ground. In
contrast, the continuum model relies on the fact that gradients often exist among
natural communities, and thus, definitive boundaries are difficult to accurately
portray (e.g., Brown 1998a). The continuum model portrays communities on
some continuous gradient (e.g., soil moisture, elevation) and most typically results
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in raster data structure (e.g., Zhu et al. 2001, Lehmann 2004). The use of contin-
uum models is gaining popularity in wildlife-habitat relationships modeling as sta-
tistical techniques evolve, though their interpretation and application are often
cumbersome to practitioners.

Patch-corridor-matrix GIS models are often based on some type of ecological
classification system (see review in Grossman et al. 1999). A classification sys-
tem relies on language that describes vegetation or habitat entities. Language
resolution becomes an important determinant of predictive capability for any
models that use the classification system. By necessity, most classification sys-
tems provide a limited vocabulary (or class names) to describe a landscape,
and the amount of variability within a class can potentially be high (e.g., Roloff
et al. 1994). In some situations we have observed premature rejection of habitat
models based on “poor performance” without consideration of how the GIS
classification system may have influenced the results. A better approach would
be to denote that the model performed poorly in the data environment for
which it was applied. A comparison of two systems currently used to support
MDNR management decisions will help expose classification limitations of each
system for modeling wildlife habitat.

Michigan Department of Natural Resources’ (2001) Operations Inventory
(OD system for classifying cover types has a limited vocabulary of 26 class
names. In contrast, MDNR’s Integrated Forest Monitoring Assessment and Pre-
scription JFMAP) cover-type classification system is hierarchical and at the most
resolute level has 137 classes. Both OI and IFMAP rely on remotely sensed imag-
ery interpretation and ground data collection to produce cover type maps, but
the decisions that lead to class assignments and polygon boundary locations dif-
fer between the two systems. Operations Inventory is based on a forester’s inter-
pretation of vegetation composition, structure, and site variables. It is also
partially based on future management objectives, which can result in major dif-
ferences in boundary delineation and class membership. Because OI is based on
a qualitative process, it is sometimes difficult to establish the primary determi-
nants of stand boundary location and class membership. Stand polygons in the
IFMAP system were delineated based on patterns in aerial imagery. Ground veri-
fication was used to verify or edit those boundaries based on specific measure-
ments of vegetation species composition. Class assignments were made using a
computer algorithm that interprets these canopy measurements.

‘What are the ramifications of these classification processes to wildlife mode-
lers using OI and IFMAP? Consider a modeler assessing habitat for a wildlife spe-
cies that relies on aspen. Aspen communities in Michigan occur in two general
forms: (1) as monotypic stands and (2) as associates in a variety of forest types.
Aspen is represented in the OI system by a single class and in IFMAP by nine
classes. If the modeler wants to identify relatively monotypic aspen stands as
important patches for this species, he or she will need to determine which clas-
ses from OI and IFMAP are likely to represent this condition. Under the OI sce-
nario, the modeler would likely be forced to accept the lone aspen class and
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ignore potential bias of management intent (i.e., the forester’s perception) in
class determination. Using IFMAP, the modeler could evaluate the decision rules
associated with multiple aspen classes and determine which were appropriate.
Selection of the “correct” data set to use relates back to how the analysis was
framed. If the modeler requires quantifiable, repeatable spatial characteristics
of aspen stands, then knowledge of the decision rules used for boundary deter-
minations would be important and IFMAP would be preferred. If a modeler
were to use OI to address this analysis, he or she may add additional uncertainty
and nonrepeatability to habitat model results. Conversely, if the analysis calls for
a general assessment of monotypic aspen acreage, the OI may suffice.

The importance of classification system resolution for conducting wildlife
habitat assessments cannot be overstated. Results of wildlife-habitat relation-
ships models can vary substantially depending solely on the classification system
used (e.g., Lawler et al. 2004). Consider the habitat model results in Fig. 11-3.
These results represent brown creeper (Certhia americana) habitat suitability,
on a scale of 0 (nonhabitat) to 100 (optimal habitat), for a 390 km? landscape in
central Idaho. Here, a brown creeper habitat suitability index model was
applied using three commonly used ecological classification schemes: ecological
land units (Haufler et al. 1996), structural stages (Johnson et al. 1994) within a
Daubenmire plant series (sensu; Daubenmire 1952), and “alliances” in the
National Vegetation Classification (Grossman et al. 1998).

Ecological land units provided the most resolute classification scheme, often
used to describe and map combinations of vegetation successional stage and site
potential in the context of major disturbance regimes (Haufler et al. 19906).

Ecological Land Units Structural Stages National Vegetation
Classification

Habitat Suitability

Il 0-9
Il 10-19
Bl 2029
N 30-39
B 40-49
B 50-59
B 60-69
70-79
80-89
90-100
[] No Data

FIG. 11-3

Brown creeper habitat suitability scores on a scale of O (nonhabitat) to 100 (optimal) for three
ecological classification systems: ecological land units (Haufler 1996), structural stages
(Johnson et al. 1994) with Daubenmire plant series (sensu Daubenmire 1952), and the
National Vegetation Classification (Grossman et al. 1998).




Classification Systems

Structural stages provided an intermediate resolution that was based on percent
canopy cover in five tree size classes (Johnson et al. 1994). The structural stage
classification roughly corresponds to the mid-scale land classification used by
the Interior Columbia River Basin Ecosystem Management Process (U.S. Forest
Service 1996). The National Vegetation Classification uses both physiognomy
and floristics to classify existing vegetation into “alliances” (Grossman et al.
1998). Alliances are roughly equivalent to the Society of American Forester’s
cover types (Eyre 1980) and were defined as physiognomically uniform groups
of plant associations sharing one or more dominant or diagnostic species which
are generally found in the upper-most stratum of vegetation (Grossman et al.
1998).

A detailed, geo-referenced vegetation inventory was available for the study
area and these data were stratified according to each classification scheme. Aver-
age vegetation structure values required by the brown creeper model were cal-
culated by stratum. The results of this analysis demonstrated that habitat model
output can vary substantially depending on the classification scheme (Fig. 11-3).
Depending on the classification system used, one could draw completely differ-
ent inferences from the habitat model results. With ecological land units, the
model suggests that a relatively broad range of habitat conditions are distributed
across the landscape and higher quality patches of habitat are well dispersed
(Fig. 11-3). With the National Vegetation Classification, the habitat model sug-
gests that habitat quality is poor to marginal across the landscape, with virtually
no high-quality patches (Fig. 11-3).

Recommendations.—Classification language and how map attributes are
portrayed can significantly affect wildlife-habitat model output. It is not uncom-
mon for practitioners to dismiss a perfectly good wildlife habitat model on the
pretext that “it doesn’t do a good job of mapping potential habitat” when in fact
the issue resides with classification system resolution and variability. This often
raises a dilemma for wildlife modelers. Should we use the model output and
describe the sources of error and caveats for use (most typical strategy), should
the habitat model be adjusted to accommodate the resolution and errors of avail-
able data (less typical strategy), or should new data be collected that directly
meet the needs of the habitat assessment (least typical strategy)? Unfortunately,
we often tend to ignore error descriptions and caveats associated with habitat
maps because of project deadlines and budgetary constraints. Plus, something
about a GIS “map” instills a sense of reality and faith in habitat model output.
We caution modelers and users of GIS products to understand and convey data
limitations to decision makers.

To help account for classification system effects on wildlife habitat model
output, we advocate aligning scales of species habitat selection (which are mul-
tiscalar; Johnson 1980, Morris 1987) to classification resolution (also see Barry
and Elith 2006). Rather than rely on a preconceived classification system and
assume that specific vegetation structures are present, we support the recent
trend of mapping individual structures as continuous inputs to habitat models
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(Edwards et al. 2003, Holmstrom and Fransson 2003, Tuominen et al. 2003, Lu
et al. 2004, Tuominen and Pekkarinen 2005). There are advantages to using con-
tinuous versus discrete GIS data in habitat modeling (Conner et al. 2003, Théau
et al. 2005, but see Dussault et al. 2005), if the continuous data layers are
derived from an adequate set of spatially explicit data. For example, it is a com-
mon practice to use geo-referenced sample points (e.g., FIA data) to interpolate
continuous data surfaces. We caution that the utility of a continuous data layer
depends on the number and distribution of sample points. Users of interpolated
continuous data layers should understand the important scales of their project
objectives and ensure that the density of supporting data support inference at
the correct scale(s).

In regards to using continuous data surfaces in wildlife-habitat modeling,
practitioners may argue that they still need to make management decisions
based on stands or patches. We contend that stand boundaries that were most
likely derived for some purpose (like resource management or planning) other
than species habitat modeling can be overlaid on structure-based continuous
habitat model output. The issue of classification language resolution is removed
in a continuous map, but interpolation errors can be high if few data points are
available. Our criticisms of class-based GIS maps should not be used to negate
the utility of wildlife-habitat models that rely on this data type as they provide
useful conservation information, especially at larger scales (Raphael and Marcot
1986, Edwards et al. 1996, Bolger et al. 1997, Karl et al. 2000, Pearlstine et al.
2002). We encourage modelers to evaluate both continuous and class-based
GIS data and use the format that best fulfills their project objectives.

Attribute Variability

Attribute data portray what is known about a spatial location in the GIS. For
example, a GIS data layer of vegetation patches may be attributed with vegetation
cover type, percent canopy cover, plant species lists, plant structure, area of the
patch, and a host of other attributes that explicitly describe an individual patch
type. In most situations, attribute data represent field-collected observations,
GPS point collections, or GIS-calculated information. In the case of field-collected
information, the data contain sample errors. For GIS-calculated information, the
data contain potential positional and classification errors. Variation in attribute
data should not be ignored when conducting wildlife-habitat assessments using
GIS. The concept of fuzzy logic (i.e., a system of logic dealing with the concept
of partial truth with values ranging from completely true to completely false) has
been incorporated into some habitat modeling efforts (e.g., Silvert 1997, Robin-
son 2003, Bojorquez-Tapia et al. 2004, Zhang et al. 2004, Cheung et al. 2005)
to help account for GIS data uncertainties. Here we focus on GIS attribute data
variability as it relates to potential effects on wildlife modeling.

As demonstrated in the analysis conducted to produce Fig. 11-3, habitat
elements are often portrayed using map stratum averages. Within-stratum
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variability is frequently ignored in wildlife-habitat modeling (Roloff and
Kernohan 1999), even though it can have significant effects on model inter-
pretation (e.g., Verbyla and Litvaitis 1989, Bender et al. 1996, Hess and Bay
2004). Linden (2006) examined the effects of simulating within-stratum variabil-
ity in habitat attributes for an ecological land classification as an alternative to
using stratum averages. Frequency distributions of habitat characteristics were
estimated from field surveys for each stratum and linked to the occurrence of
cell values in a GIS raster. The spatial distribution of cell values within each stra-
tum was randomized through multiple iterations, and habitat quality for Canada
lynx and snowshoe hare (Lepus americanus) was examined. This evaluation
indicated a significant effect on modeled habitat quality for those strata with
high attribute variability. In these highly variable strata, habitat quality would
have been inaccurately portrayed by the use of averages. Linden (2006) noted
that as the scale of analysis increased, differences in habitat quality decreased.
This observation is consistent with known relationships on how variance
responds to changes in map extent, with larger areas tending to dampen the
variance extremes (Stoms 1994, Wolock and Price 1994, Wu, E, 2004; Wu, J.,
2004). Linden (2006) concluded that the decision to explicitly include attribute
variability in a habitat modeling project depends on map data resolution and
how it relates to the scale at which focal organisms perceive their habitats
and the spatial extent of the landscape. In Linden’s example, raster cell variabil-
ity between iterated maps was less important for Canada lynx than for snow-
shoe hare because the scales of modeled habitat selection behavior (i.e., the
probability that habitat would support a home range) substantially differed
between the species. In other words, habitat suitability for snowshoe hare home
ranges was modeled as more sensitive to the habitat structure of an individual
patch compared to lynx, which was modeled as less sensitive to individual
patches. Linden’s analysis demonstrates the importance of understanding the
effects of scale and attribute variability on habitat model output.

Recommendations.—Attribute error should be incorporated into habitat
models. Recent advances in resampling statistics (Manly 1997, Simon 1997)
and computing capabilities have offered mechanisms for bounding habitat
model outputs with confidence estimates, but computer processing time across
large landscapes still prohibits incorporation of these tools into many projects.
It is important not to confuse this source of habitat model error with that por-
trayed by some quantitative modeling procedures. In quantitative models, the
error estimates represent a composite of system errors (e.g., error in animal
location and perhaps the variation in land classification system, particularly
if the continuum GIS data model is used). A quantitative model derived from
GIS layers based on stratum averages (e.g., a cover type map with average tree
densities per class) does not account for within-stratum variability in model
error estimates. As Bender et al. (1996) demonstrated, ignoring this source of
error in wildlife-habitat relationships modeling can lead to erroneous
conclusions.
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SPATIAL AND TEMPORAL SCALE ISSUES

Correct determination of the appropriate scale is the cornerstone of habitat anal-
ysis and model development (Morrison et al. 1998:141, Morrison 2002). Here, we
offer advice on some common spatial scale issues that we have encountered in our
habitat modeling efforts. Readers should refer to Turner et al. (1989), Wiens
(1989), Levin (1992), and Hunsaker et al. (2001) for more complete treatises of
this topic.

Spatial Scale Considerations

There are at least four meanings of spatial scale in remote sensing and GIS (par-
tially taken from Cao and Lam [1997], also see Morrison et al. [1998:241]):

1. Cartograpbic (or map) scale: the relationship (proportion) of map dis-
tance to ground distance (e.g., 1 cm on the map = 1 km on the ground);

2. Geograpbhic (or observational) scale: the size or spatial extent of a study;

3. Operational scale: the geographic extent at which certain processes
operate within the environment. This could be the scale associated with
nutrient-cycling in a wetland;

4. Measurement scale: the smallest distinguishable part of an object. Exam-
ples include the cell size in a remotely sensed image or the sampling
interval in an ecological study.

In wildlife-habitat modeling, most explicit references to scale use the second (geo-
graphic or observational) or third (operational) meanings of the term. The phe-
nomena of interest in most ecological studies are observed at operational scale
(8). One of the basic challenges in using GIS data to model wildlife habitats across
landscapes is to understand how observations at the operational scale(s) are
influenced by observational and measurement scales.

Observational Scale.—It is not uncommon for significant ecological informa-
tion to be lost or compromised because habitat modelers are forced to use data
from some arbitrarily determined study area boundary (Johnson 1980, Porter
and Church 1987, Morrison 2002). Other authors have documented the impor-
tance of identifying an appropriately scaled study area (Brennan et al. 2002,
Morrison 2002), especially in the context of resource selection studies (e.g.,
Aebischer et al. 1993, Erickson et al. 2001). The recommended approach is to
ensure that phenomena measured at operational scales can be fully encompassed
by the observational scale (i.e., the study area boundary; Brennan et al. 2002).
Morrison (2002) concluded that study area size and its relationship to wildlife
population data and how the location of a study area fits the geographic range of
species are seldom studied or incorporated into analyses. Unfortunately, the
scale(s) at which ecological processes operate may not become evident until
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data are collected. This was the case in Roloff et al. (2001) in which radio-collared
elk (Cervus elapbus) were used to test the reliability of a habitat potential model.
Detailed habitat maps were generated for the study area, which was defined by
the boundary of Custer State Park, South Dakota. All radio-tagged elk were
located within the study area boundary, but one sub-herd tended to seasonally
use habitats outside this area. As a result, Roloff et al. (2001) needed to censor
that sub-herd from the habitat model evaluation. Fortunately, some of the sub-
herds that were radio-tagged used habitats entirely within the study boundary,
so the analysis could still occur; however, sample size was reduced because
of a study boundary constraint. This example illustrates the significance that
observational scale can have on wildlife habitat modeling results.

Measurement Scale.—Different measurement scales are inherent in either
vector or raster GIS data structures. The usefulness of each data format for char-
acterizing habitat and landscape patterns has been presented elsewhere (e.g.,
Johnson 1990, Haines-Young et al. 1994, Corsi et al. 2000, Wade et al. 2003).
The best scenario for deciding which type of data to use in a GIS habitat model-
ing project is to properly frame the analysis and select the data format that best
fulfills project objectives. As noted previously, that process often breaks down
in that modelers are often forced into using whatever data are available to gen-
erate a product within time and budgetary constraints. Though conversions
between GIS data structures are available, the processing artifacts can have
significant impacts on habitat model output.

The most basic example of how measurement scale in vector and raster GIS
data can influence habitat model output is in the simple calculation of patch
area and edge. Consider the example in Fig. 11-4. Here, the same land cover data

Vector Raster 30 m Raster 90 m

Area=56.8ha Area=56.3ha Area=55.1ha

Edge=3,781m Edge=4,440m Edge=3,960m
FIG. 11-4

Vector and raster representations with area and edge GIS measurements of a forested
stand in Washington, USA. Background photography from the National Agriculture Imagery
Program (NAIP), USDA.
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for a forested stand in Washington are portrayed in vector and raster formats.
These data represent typical stand boundaries used in resource management
and planning. The vector data were developed using on-screen digitizing with
National Agriculture Imagery Program (NAIP) as the background. The raster data
represent the same vector polygon at 30 m and 90 m cell resolution. Area esti-
mates differ depending on data structure and resolution. Edge measurements
differed substantially (by almost 700 m between the extremes) depending on
the data type. Which representation of the stand in Fig. 11-4 is the best? We
argue that the vector-based representation is the most accurate in this case
because the layer was generated directly from the air photo and because this
stand had relatively hard edges (i.e., a continuous line was a good representation
of the real boundary). In wildlife-habitat assessments that evaluate edge effects
based on linear edge distances or boundaries between patch types, raster-based
data appear to overestimate the absolute amount of edge. This data artifact is of
concern only if the absolute value is important in a habitat model, i.e., relative
evaluation of edge distances help alleviate this bias among data types.

An additional cautionary note on using raster data structure in wildlife habi-
tat modeling projects warrants mention here. It is generally well accepted that
square cells in rasters may not meaningfully represent space for animals
(Tischendorf 1997). Tischendorf’s (1997) argument is that animal movement
analyses are constrained by the resolution of square cells and the fact that a diag-
onal movement is longer than a perpendicular movement. Thus, vector-based
animal movement data can only be portrayed as a “jump” from cell to cell,
and the distance of those jumps can vary. Solutions to this problem have
included using a raster with cells of different sizes (Tischendorf 1997), resam-
pling GIS data to a small resolution relative to animal movement distances,
and portraying raster GIS data as hexagon-shaped cells (the idea being that a
hexagon most closely resembles the least biased geometric shape, a circle,
that can be portrayed in a nonoverlapping arrangement) (e.g., Schumaker
1996, Lawler and Schumaker 2004, Lawler et al. 2004, Jackson et al. 2005,
Fernindez et al. 2006). All these solutions have potential problems, particularly
with data management, simulation times, and loss of descriptive capabilities as
resolution is compromised (Gough and Rushton 2000, Hunsaker et al. 1994).

The advantages of using hexagonal shapes to describe landscapes and allo-
cate sample plots were noted by McCollum and Cochran (2003) in their descrip-
tion of the previously described FIA program as (1) spatial compactness; (2)
uniform spatial coverage; (3) flexibility for altering grid density; (4) reduced like-
lihood of correspondence to anthropogenic landscape components; and (5)
reduced variance estimates in comparison to a random sample. Despite these
advantages, the most common technique for characterizing landscapes in cur-
rent wildlife and ecological literature is to use rasters with square cells, most
likely because that geometry corresponds to how most remotely sensed GIS
data are collected and made available, and the structure is amenable to common
GIS software. We caution habitat modelers to at least question whether square
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cell biases may significantly alter their study designs or inference space prior to
project implementation.

Regardless of whether raster or vector data structures are used in a habitat
modeling project, one of the most important influences on habitat model inter-
pretation is minimum mapping unit or map grain (which often corresponds to
measurement scale as described previously). Minimum map unit is defined as
the smallest size aerial entity to be mapped as a discrete entity (Saura 2002).
It is well known that in heterogeneous landscapes between-patch variance
decreases as resolution decreases (i.e., as minimum mapping unit or grain size
increases, between-patch differences tend to decrease; Turner et al. 1989, W,
E, 2004; Wu, J., 2004). In other words, coarser resolutions tend to homogenize
landscapes into the dominant patch types (Saura 2002). It follows that map
accuracy tends to increase as minimum map unit increases (Knight and Lunetta
2003). Sensitivity of most landscape-level data to minimum map unit further
exemplifies the importance of understanding minimum map unit or measure-
ment scale in the context of processes being modeled (i.e., operational scales)
for the study area (i.e., observational scale). This same concept applies to select-
ing a sample plot or quadrat size. It is not uncommon for researchers to arbi-
trarily select a plot size without considering variation in the underlying
vegetation. In some situations the natural variation in vegetation patches may
provide more reliable sampling units than arbitrarily chosen plot sizes (Bowyer
et al. 1996, Stohlgren et al. 1997).

Temporal Scale Considerations

Issues surrounding the effects of temporal scale on wildlife-habitat relationships
modeling are equally as important as spatial scale issues but have received less
attention (Morrison 2002, Chapter 14). Temporal scales can categorically be
viewed similar to spatial scales, with observational temporal scale referring to
the duration of the study, operational temporal scale referring to the time that
certain processes operate in the environment, and measurement temporal scale
referring to the smallest unit of time for which we have a measurement. With
the advent of technologies for making historical map and tabular data spatially
explicit, more researchers and modelers are conducting time series comparisons
of habitat change.

Wildlife researchers recognize the importance of temporal variation in wild-
life populations, and most try to account for this phenomenon by collecting
data over multiple years or seasons. In wildlife-habitat relationships studies, less
attention is given to short-term temporal variation of habitat elements, unless
the wildlife response variable is explicitly linked to a habitat element known
to exhibit frequent changes (e.g., Boyd 1996, Whitehead 1996, Fortin et al.
2002, McCarty et al. 2002). One standard approach used in wildlife studies is
to collect population data for 2-4 years, develop a habitat GIS layer that reason-
ably corresponds to the time period of population data collection, and then
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assume that habitat remains static. Most researchers track the occurrence of
major habitat altering events during their studies, but few incorporate the
subtle effects of short-term fluctuations in habitat elements (e.g., vegetation
reproductive status, growth, mortality, and successional processes).

We caution that habitat model components be evaluated for their sensitivity
to short-term variations. For example, some of the authors (G. Roloff and
D. Linden) recently completed a habitat modeling project for Canada lynx in
which outputs from the model were used to influence a 5-year forest manage-
ment plan. We used a standard approach for depicting habitat (see Linden
2006, Appendix D, for a description of the process used to estimate attributes
for the lynx model). Because the lynx model relied on vegetation cover provided
by tree branches and boles, we were concerned that 5 years of vegetation succes-
sion may have a significant influence on model results that would go undetected
if we simply assumed no major vegetation changes. We tested this potential
effect by simulating vegetation changes for 10 common vegetation types in the
landscape using a well-established tree growth and yield model. According to
the growth and yield model and Linden’s (2006) method of calculating under-
story cover, horizontal cover differences within a stand varied from -7% to 7%
over the 5-year period (Table 11-1). At first glance this change seems negligible
relative to how lynx may use habitats; however, the magnitude and direction
of change must be viewed in the context of how the habitat model uses the infor-
mation. Our lynx project used a habitat suitability index model that was based on
linear relationships with definitive thresholds. If the £7% applied to a stand with
vegetation conditions close to a critical threshold, habitat model output could be
significantly affected. This example illustrates the importance of considering
short-term vegetation changes in wildlife-habitat relationships modeling.

Recommendations.—Spatial scale considerations are one of the most impor-
tant in characterizing and analyzing wildlife habitat for landscapes. A basic chal-
lenge faced by all wildlife-habitat modelers that use GIS is to understand how
their characterization of operational processes is influenced by observational
and measurement scales. We stress the importance of understanding your proj-
ect objectives in the context of observational and measurement scales. Consider
how GIS data formats can influence your modeling work. Make sure that data
format (i.e., vector or raster) does not introduce hidden biases into your descrip-
tions of operational processes. Minimum map unit is a critical consideration for
habitat modeling projects. Modelers should ensure that operational processes
are occurring at scales > minimum map unit. If this is not the case, make sure
that assumptions used to infer smaller scale habitat characteristics to map units
are sound and accurately portray habitat dynamics in the landscape. Subtle tem-
poral variations in habitat elements are often ignored in modeling projects, and
we caution that these changes can influence habitat model output. We reiterate
the recommendation of previous authors (Corsi et al. 2000, Maurer 2002,
Morrison 2002) on the importance of evaluating research designs or habitat
modeling projects in the context of influential spatial and temporal scales.



Table 11-1 Horizontal Cover Values in Three Height Strata Over a 5-Year Period as Modeled for a Canada Lynx Habitat
Suitability Index Model to Demonstrate the Potential Effects of Short-Scale Temporal Changes Caused by Vegetation Succession
on Habitat Model Output

Horizontal Cover (%) Difference

Horizontal Cover (%) Year O Horizontal Cover (%) Year 5 Between Years 0 and 5
Height Strata Height Strata Height Strata
Stand 0-0.99m 1-1.99m 2-299m 0-099m 1-1.99m 2-2.99m 0-0.99 m 1-1.99 m 2-299m
1 27 21 22 23 28 24 —4 7 2
2 26 37 31 25 38 38 -1 1 7
3 32 42 46 33 39 49 1 -3 3
4 19 23 31 19 25 29 0 2 -2
5 28 32 43 30 31 40 2 -1 -3
6 16 27 24 15 30 30 —1 3 6
7 41 71 66 39 64 69 -2 -7 3
8 19 25 28 19 25 30 0 0 2
9 45 60 69 45 56 66 0 —4 -3
10 18 23 31 20 25 29 2 2 -2
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The influence of these scales on wildlife populations is inseparable, and we rec-
ommend evaluating the organization of your wildlife modeling project with this
in mind (see Corsi et al. 2000; Fig. 11-3 for a useful conceptual model). Consis-
tent with other authors, we recommend conducting habitat assessments at mul-
tiple scales (at least one scale above and below the process of interest) to ensure
that the operational processes are being characterized appropriately (Orians and
Wittenberger 1991, Wu and Loucks 1995, Bowyer et al. 1996, Jelinski and Wu
1996, Qi and Wu 1996, Bennetts and Kitchens 1997, Maurer 2002, Morrison
2002).

TECHNOLOGICAL CONSIDERATIONS

Another important consideration when using GIS to model wildlife habitat
relates to the technology used for deriving land classification systems. Consider
the common practice of automatically classifying satellite imagery to portray
landscapes (e.g., Osborne et al. 2001, Betts et al. 2003, Kerr and Ostrovsky
2003, Jeganathan et al. 2004). We will focus our discussion on two principal
sources of error in the process of creating a classified landscape from satellite
imagery (also see O’Neil et al. 2005:433-443). The first source of error, which
we will call “mixed-pixel error,” is associated with image acquisition and spectral
response (the range of light reflected by an object and detected by a sensor)
on the Instantaneous Field of View (IFOV). The IFOV is the scan spot size or
instantaneous geographic coverage of a satellite sensor. The area of the IFOV
varies depending on the satellite sensor and most commonly ranges from 1 m?
to 1 km?. For example, the IFOV for Landsat Thematic Mapper sensor (one type
of satellite sensor that produces data commonly used in characterizing land-
scapes) is collected at 30 m x 30 m (0.09 ha) resolution. Within that area, spec-
tral response is integrated for all objects into a single cell value ranging from
0-255. If an IFOV is composed of a single, homogenous object on the ground
(e.g., a slab of concrete), then the remote sensing analyst can be confident that
the recorded cell value is associated with concrete. However, large IFOVs are
rarely composed of a single, homogenous object, even in simplified ecosystems.
Larger IFOVs are composed of multiple objects such as tree canopies of different
species, ground cover between trees, water, or manmade structures. The ability
to consistently associate a cell value with objects of interest on the ground is con-
founded by integration of spectral response from multiple objects over the entire
area of the IFOV. In some situations mixed-pixel error may have negligible effects
on habitat interpretations (e.g., Wickham and Riitters 1995). Nonetheless, it is
important for the wildlife modeler to consider how habitat elements of interest
relate to the size of an IFOV’s integrated measure of spectral response. Habitat
elements that are significantly smaller than an IFOV, and therefore “mixed” with
many objects not of interest, will be much harder to accurately map from
satellite imagery than those that are significantly larger than the IFOV.
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We experienced the effect of IFOV in working with the data for Michigan’s
Gap Analysis Program (GAP; Donovan et al. 2004). Michigan’s GAP project
relied on a cover type map derived from 30 m Landsat Thematic Mapper imag-
ery. For those wildlife species that required specialized habitat elements (e.g.,
snags, rock outcroppings, vernal ponds), “mixed-pixel error” was accounted
for by assuming that these features are consistently associated with specific
cover types (Donovan et al. 2004). This adjustment, along with other error accu-
mulated in the GAP process (Dean et al. 1997, Laba et al. 2002), results in com-
mission (i.e., erroneously designating an entity something it is not) and omission
errors (i.e., erroneously not designating something it truly is), with a tendency
for higher commission errors. These sources of error tend to diminish at larger
scales consistent with the intended use of GAP products for regional-level con-
servation assessments (Edwards et al. 1996). The importance of accounting for
these errors in conservation decision making cannot be lost because those wild-
life species with specialized habitat requirements frequently are those in great-
est conservation need (Short and Hestbeck 1995).

Another source of error in classifying a landscape from satellite data that
affects wildlife habitat modeling in GIS relates to “mixed-pixel error” and the
level of detail (or number of classes) desired in the final classification system.
We will refer to this error as “spectral-distance error.” A remote sensing analyst
generally embarks on a mapping project with a predefined classification system
or some idea as to what constitutes a class in the final map. In satellite image
interpretation, the only information available to the analyst is the measure of
spectral response in the IFOV over multiple wavelength bands provided by
the sensor. For example, Landsat Thematic Mapper has seven wavelength bands
available for transformation into map classes. The process for classifying imag-
ery usually involves plotting the spectral response of different vegetation classes
in multidimensional spectral space with the hope that identifiable and clearly
separable clusters are present. This is rarely the case; usually there are multiple
classes of interest that intersect or cluster very near each other (Fig. 11-5). The
closer classes are in spectral space, the more they will be confused with each
other in the classification process (Fig. 11-5). This level of confusion constitutes
“spectral-distance error.”

Both “mixed-pixel error” and “spectral-distance error” can have substantial
effects on the inference drawn from landscape-level wildlife habitat models.
For those classification processes that include accuracy assessments, these
sources of error are typically portrayed in classification error matrices, though
these matrices also contain other error sources (Congalton and Green 1993,
Stehman 1997, Congalton and Green 1999, McGwire and Fisher 2001). Nonethe-
less, classification error matrices should be consulted prior to using GIS layers for
habitat modeling to ensure that data classes required by the habitat model can be
portrayed with acceptable accuracy levels. Also, habitat modelers should ensure
that the classification error matrix contains data from all ecologically significant
portions of their assessment landscape. Without well-dispersed classification
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FIG. 11-56

Spectral-distance error and its effect on classification accuracy (based on ERDAS 1982).
Means correspond to multidimensional means in spectral space and correspond to average
classification values (i.e., the values used to map classes).

test data, important nuances in the classification process or the classification
system may be overlooked. For example, one of the co-authors (M. Donovan)
recently completed a project that used a wildlife-habitat relationships model to
estimate statewide sharp-tailed grouse (Iympanuchus phasianellus) habitat
potential in Michigan (Fig. 11-6). Landsat derived cover types were used in the
model, and a good understanding of classification error was based on dispersed
training plots throughout the state (Space Imaging Solutions 2001). The model
identified several potential areas for sharp-tailed grouse habitat management
and restoration. In the Upper Peninsula the predicted habitats corresponded
well to known grouse locations. However, the model also predicted substantial
habitat potential in the thumb of the Lower Peninsula. This area was visited by
field biologists, and they concluded that although the vegetation was typed cor-
rectly, habitat potential for sharp-tailed grouse was low because of current land
management practices. In this example, classification accuracy for cover types
important to sharp-tailed grouse was high, but the classification scheme lacked
an important component of habitat: current land management status. Without
field visits by biologists to Michigan’s thumb area, potential sharp-tailed grouse
habitat would have been significantly overpredicted. This example also points
to the utility of using predictive models even if classification data or schemes
are less than perfect. Here, the model helped direct field biologists to a specific
area in a large landscape.

There is a common misconception among wildlife-habitat modelers that high
resolution is always better. This is not always the case. Often, modelers focus on
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FIG. 11-6
Potential sharp-tailed grouse habitat in Michigan, USA, as estimated by a wildlife-habitat
relationships model.

spatial resolution as the primary determinant of data utility, but spectral contrast
of habitats in relation to their surroundings is also an important consideration.
Trade-offs between spatial and spectral resolutions of data should be evaluated
in the context of importance to the modeling effort. This decision depends on
habitat element size, with higher spatial resolution not necessary for coarser
habitat elements (e.g., mature tree canopies). For coarse habitat elements, it
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may prove more advantageous to favor higher spectral resolution. Most mode-
lers have a limited choice in available imagery and thus may not spend much
time in evaluating spatial and spectral resolution trade-offs.

Recommendations

We cannot overstress the importance of evaluating the classification error matrix
as a means to understand how “mixed-pixel” and “spectral-distance” errors can
potentially influence habitat model results (see Foody 2002). Conducting error
simulations (e.g., Fleming et al. 2004, Hines et al. 2005) holds great promise
for understanding not only class errors but also spatial location errors when
using satellite imagery. Remember that classification accuracy errors compound
as data layers are overlaid in a GIS, and care should be exercised when conduct-
ing operations that modify polygons or combine raster cells. Always incorporate
known errors into metadata descriptions and in caveats on how habitat model
results should be used. Avoid the misconception that higher resolution data
are always better. There is a trade-off between spatial and spectral resolution,
and the best approach is to align data resolution with the project objectives.

SUMMARY

Habitat maps generated by a GIS are often viewed by decision makers and the
general public as absolute truth regardless of accuracy assessments, summaries
of data use limitations, or spatial and temporal scale considerations. We caution
wildlife-habitat relationships modelers to consider how the inherent properties
of data sets and uncertainty from all these sources should be included and por-
trayed in their analyses. Texts have been devoted specifically to some of these
topics such as accuracy assessments (Goodchild and Gopal 1989, Congalton
and Green 1999, Lowell and Jaton 1999), spatial and temporal scale considera-
tions (Bissonette 1997, Waring and Running 1998), and integrating uncertainty
into GIS analyses (Chiles and Delfiner 1999, Mowrer and Congalton 2000, Hun-
saker et al. 2001), and our intention was not to repeat that information. Rather,
we offered some of our experiences in using GIS to model habitats at landscape
levels as a means of drawing attention to commonly overlooked issues with data
analysis and interpretation.

Successful development and implementation of wildlife models over large
landscapes is a complex endeavor. The process often involves using landscape-
level data derived from a variety of technologies and by analysts not necessarily
associated with the wildlife modeling project. GIS software has empowered
analysts and modelers to rapidly manipulate data, sometimes at the expense of
evaluating data and processing limitations. During our experience in diverse
GIS applications and projects, we have repeatedly witnessed poor planning or
processing methodologies resulting in extra work to correct problems found in
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the results. In our opinion, a small amount of time spent understanding the data,
the planned analysis, the limitations of both, and project needs will facilitate
completion of project goals. We echo the sentiments of O’Neil et al. (2005)
who noted that spatial technologies are only as accurate and reliable as the
underlying data. Spatial tools alone cannot improve accuracy, precision, and bias
of information. It is our hope that by sharing our experiences using GIS for land-
scape-level wildlife habitat modeling, we encouraged critical thinking about
establishing project objectives, data limitations and structures, and issues of
temporal and spatial scale.
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