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Habitat Mapping from Satellite Imagery
and Wildlife Survey Data Using a Bayesian
Modeling Procedure in a GIS

Abstract

A method for using coarse resolution data from wildlife sur-
vey to classify a Landsat Thematic Mapper image and digi-
tal elevation model (DEM) is described. Classification is
based on an analytical Bayesian probability method imple-
mented within a GIS and is illustrated using a case study of
Curlew in part of the Grampian Region, northeast Scotland,
United Kingdom. Conditional probabilities for Curlew pres-
ence and absence are calculated for spectral values in the
image bands and DEM. The conditional probabilities are then
used to classify the image in conjunction with the DEM. The
product of this analysis is a detailed map ("information sur-
face”) at the spatial resolution of the satellite image that de-
scribes the distribution of the specified species as probability
of occurence. This can also be used as a map of habitat
quality or suitability and analyzed further with a GIS.

Introduction

Habitat maps have been derived from satellite imagery for
many years (e.g., Laperriere et al., 1980; Dixon et al., 1982;
Harris, 1983; Bowles, 1985; Ormsby and Lunetta, 1987; Tom-
mervik and Lauknes, 1988; Belward et al., 1990) and have
many applications. These include targeting field survey, sup-
port for management planning (Ormsby and Lunetta, 1987),
habitat suitability mapping (Lyon, 1983; Epp, 1985; Palmei-
rim, 1988), conservation evaluation (Griffiths et al., in press),
and input to models describing distribution and abundance
of wildlife species (Avery and Haines-Young, 1990). Increas-
ingly, these applications involve the use of Geographic Infor-
mation Systems (GIS)(Davis et al., 1990; Stoms et al., in
press).

Studies that use satellite imagery to map habitat for in-
put to models of habitat suitability, distribution, or abun-
dance of wildlife typically follow a common procedure. A
spectral classification is produced with ecologically mean-
ingful classes (e.g., Craighead et al., 1988). This classification
is usually independent of wildlife data although the process
may use training areas defined by field survey of habitats to
guide the image classification. The assumption inherent in
this is that the habitat map produced has ecological rele-
vance to the wildlife species of interest.

The habitat map produced can then be used in a number
of ways to model habitat suitability, distribution, and abun-
dance. The map can be restructured according to the spatial
units used to record wildlife abundance (for example, 1-km
squares, tetrads (2-km by 2-km squares), or patches). This
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puts the habitat and wildlife datasets into a common format,
the standard statistical data model of cases and variables
(Goodchild, 1991), and it allows numerical analysis with a
range of statistical methods (e.g., stepwise multiple regres-
sion (Campbell, 1983; Griffiths et al., in press), logistic
regression (Pereira and Itami, 1991), discriminant function
analysis (Haworth and Thompson, 1990), and cannonical
correspondence analysis (Hill, 1991)). GIS overlay functions
can also be used to produce habitat suitability indices by ap-
plying weights and rules, the habitat map forming a key data
input to this procedure (e.g., Stelfox, 1985; Palmeirim, 1985;
1988; Ormbsy and Lunetta, 1987; Stenback et al., 1987; Sce-
pan et al., 1987; Agee et al., 1989; Brooks, 1990). Spatial
analysis for wildlife-habitat assessment is also increasing as a
wider variety of statistical and mathematical methods are in-
tegrated with GIS technology and spatial databases (e.g.,
Walker and Moore, 1988; Walker, 1990; Milne et al., 1989;
Davis et al., 1990; Aspinall, 1991; Pereira and Itami, 1991).

An alternative approach to producing habitat informa-
tion from satellite imagery is to use wildlife survey data to
drive the image classification process. This is the approach
used in this paper. The method is illustrated through an ex-
ample. The species considered is Curlew (Numenius ar-
quata), a relatively common wader species. The study site is
an upland area in northeast Scotland, where there is a wide
range of land-cover types and uses. Coarse resolution data
from a wildlife survey are used to classify part of a Landsat
Thematic Mapper image in conjunction with a digital eleva-
tion model (DEM). The wildlife survey used covers only 10
percent of the study area but allows a map to be produced
for the whole study area. The product of classification is an
“information surface” representing the probability of occur-
ence for the wildlife species. These probability values can be
considered to represent an index of habitat suitability or
quality; the information surface provides the basis for de-
scribing the distribution of habitat patches and modeling
abundance.

A bayesian approach to decision making (Aspinall and
Hill, 1983) is used here as an inductive learning process for
pattern recognition (Grubb, 1988) to model distribution di-
rectly from satellite imagery and DEM. Bayes method has
been used in a GIS as a basis for spatial analysis and has
been applied to mineral exploration in geology (Agterberg,
1989; Bonham-Carter et al., 1988, 1989; Bonham-Carter,
1991), integrating the output from trend surface and logistic
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Figure 1. Study area located in Grampian Region, northeast Scotland. The 152 1-km
squares surveyed during 1988 are also shown, the squares where Curlew were present
being shaded and squares in which no Curlew were recorded being open. The axes are
grid references to the Ordnance Survey National Grid.
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multiple regression analyses to model habitat of the Mount
Graham Red Squirrel (Pereira and Itami, 1991), and for mod-
eling the distribution of Red deer Cervus elaphus (Aspinall,
1991) and White-tailed deer Odocoileus virginianus (Milne
et al., 1989).

Bayes Theorem provides a formal method for decision
making under conditions of uncertainty, and is a framework
for combining relative values of being right or wrong (subjec-
tive probabilities) with the probabilities of being right or
wrong (conditional probabilities) (Aspinall and Hill, 1983);
(“right” and “wrong"” equate to decisions over presence and
absence and are expressed as a probability). The Bayesian
method is a normative and rational approach for decision
making and emulates the way in which a wildlife expert
might be expected to make decisions over habitat suitability
for a species (Grubb, 1988).

Study Area

The study area is located in the Grampian Region, notheast
Scotland, and covers some 30 by 50 km of moorland, grass-
land, forestry, and agricultural land (Figure 1). The area is
part of the northeast Grampian Highlands and has a rela-
tively dry climate, largely a result of a rain shadow effect
from the higher Cairngorm Mountains to the west. Within
the study area the mountains are higher to the west and
lower in the east, summits typically being between 600 and
900 metres above sea level. Valley bottoms are between 200
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and 300 metres. Slopes are generally smooth but complex,
rising steeply from valley floors to broad summits of gentle
slope.

Methods

The data used are from diverse sources, and it is important
to consider their relative quality, integrity, and information
content as well as the limitations imposed on analysis by
different spatial units. The data are bird survey data on a 1-
km grid square basis, a digital elevation model with 100-m
pixels derived from a 1:250,000-scale topographic map, and
part of a Landsat Thematic Mapper image resampled to 25-m
pixel resolution.

Bird Data

One hundred and fifty-two 1-km square areas (Figure 1) were
visited by a bird survey team from the Nature Conservancy
Council; this is a 10 percent sample of 1-km squares in the
study area. These data were collected by transect survey be-
tween 8 April and 30 June 1988. A single visit was made to
each 1-km square, four adjacent squares being visited on
each survey day. Visits were made only when wind speeds
were low (less than Force 5 on the Beaufort Scale) and visi-
bility was good; no survey was carried out if it was raining
or snowing. Visits began within the hour following dawn
and lasted four hours; thus, each 1-km square was surveyed
for one hour. This post-dawn peried is when moorland
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breeding waders can most easily be detected (Reed et al.,
1983; 1985). A second survey was made in 1989 using the
same survey methods; this provides data to test the output of
the image analysis.

The survey was carried out by two observers walking
transects across each site, the distance between observers
being 250 m. Sites were crossed twice and no part of a site
was less than 125 m from an observer, The location and ac-
tivity of birds was recorded on a large-scale site map
(1:10,000) using British Trust for Ornithology/NCC Common
Bird Census format. These maps provide a means of elimi-
nating double recordings from bird counts, and bird counts
represent the number of individuals detected at each 1-km
square. Although 125 m is a sufficiently short distance to
“disturb” larger species such that they are seen, strict adher-
ence to transects can lead to under-observing of some spe-
cies, particularly at certain periods of the breeding season.
Survey counts were reported as counts of birds in each 1-km
grid square of the UK National Grid. Fledged young were not
included in the counts.

There are three issues related to these bird survey data:

e Sampling Frame for Survey Sites.
The sampling frame was originally chosen to provide a ran-
dom sample for statistical analysis, although access restric-
tions resulted in the sample sites having a non-random
distribution (Figure 1). Survey sites were, however, visited in
random order (subject to limitations introduced by local
weather conditions during the survey period) in tetrad groups
(2-km by 2-km grid squares, equivalent to sets of four 1-km
squares). Use of tetrads results in spatial autocorrelation be-
tween counts (r, = 0.497, n = 238 for Curlew counts in the
combinations of 1-km squares in tetrads).

e Count Accuracy.
Changes in behavior (detectability) or habitat use during the
survey period of April to June impact count accuracy. Multi-
ple site visits were not made and the accuracy of bird counts
in any square and changes in detectability between habitats
and through time cannot be quantified easily.

® Temporal and Spatial Comparability of Counts.
Data from single visits also have an impact on analysis
through confusion of spatial and temporal influences. Be-
cause the basis of distribution and abundance modeling typi-
cally is establishing relationships between bird numbers and
areas of habitat types (see Introduction], an ability to remove
any effects of temporal differences in counts is required. Sin-
gle visits to a site, rather than multiple visits (typically two
or four), is a limitation in this respect because detectability of
species varies through the breeding season. This occurs both
because of changes in bird behavior and because of inter- and
intra-specific variation in timing of arrival in the breeding
habitat.

Curlew show these effects less than other species. They
begin to arrive in their moorland breeding areas in northeast
Scotland from middle-late March (Buckland et al., 1990) and
are also more easily counted than other moorland breeding
waders because they are relatively large and inquisitive.

Satellite Image Data

The satellite data are a subscene from a Landsat Thematic
Mapper image from 17 April 1987, The subscene covers the
moorland area of the bird survey and is about 30 km by 50
km (Figure 1). The image was geometrically corrected to the
National Grid of Great Britain and georeferenced with the
DEM and bird survey data in an ERDAS image processing sys-
tem. Because the bird survey data refer only to the upland
grassland and moorland area, agricultural areas were masked
on the image using visual interpretation and were excluded
from analysis; the upland plateau areas were partially snow
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covered. There are three important issues related to the satel-
lite imagery:

® Image Date.

The satellite image used was early in the growing season for
moorland vegetation. Analysis based on multi-temporal im-
agery has greater discriminatory power than analysis of a sin-
gle-date image (Belward et al., 1990).

® Image Classification.

The image classification is of fundamental importance be-
cause it is the basis for modeling bird distribution in areas
outside the survey sites. The image classification must (1) be
interpreted in a manner that gives regard to the spectral prop-
erties of the image and, (2) represent ecologically meaningful
habitat information (in terms of impact on dispersion of the
species considered).

e Relationship between the Classified Image and Habitat Types.
Moorland and upland grassland vegetation is highly variable
over short distances and displays gradual change in commu-
nity type (Huntley, 1979). This variability makes distinguish-
ing one type from another problematic, even for field survey,
and is reflected in satellite imagery through high frequency
variation in spectral values and a high proportion of mixed
pixels (Wardley et al., 1987; Trodd, 1989; Wood and Foody,
1989). The variability of heather-dominated and grassland
habitats has been used to argue for inclusion of ordination
methods as preprocessing for satellite image classification in
heathland areas (Wood and Foody, 1989; Trodd et al., 1989).
Mismatch between field records of vegetation and classes
identified through image analysis need not be a limitation on
use of the image classification for modeling, even though it is
a limitation on interpretation of ecological description of im-
age classes.

A map describing habitat distribution is also available
which can be used to test the results of the image classifica-
tion. This map has a scale of 1:50,000 and is the product of
field mapping of semi-natural habitats at 1:25,000 scale and
produced for Grampian Region, the administrative area
within which the study area is located. There are 28 habitat
classes mapped, of which 12 occur in the study area.

Topography: Map Data

A digital elevation model (DEM), derived from contours digi-
tized from a 1:250,000-scale map, is used to provide altitude
data. The DEM has 100-m pixels with an absolute vertical
specification accuracy of +30 m (Smith et al., 1989),

Data Analysis

The problem is to use the 1-km bird survey data in conjunc-
tion with the image data and DEM to produce a full (image)
spatial resolution map of habitat quality for the chosen bird
species. The data available can be used [or this by adopting
an iterative analytical approach based on Bayes Theorem.
There are five assumptions: (1) subjective probabilities ade-
quately represent the uncertainty over a particular event
(here, a priori probabilities for presence and absence), (2)
conditional probabilities are adequately expressed as relative
frequencies of occurrence (here, presence/absence of a spe-
cies compared with presence/absence of particular values of
a habilat variable/image spectral value), (3) conditional prob-
abilities are orderly expressions of relationships between da-
tasets, (4) the Bayes Theorem provides an optimal (rational,
normative) method for modifying subjective probabilities ac-
cording to new information presented (conditional probabili-
ties) (Edwards et al., 1963), and (5) predictor datasets are
conditionally independent.

Analysis based on Bayes Theorem is used to classify the
imagery and DEM by recoding based on conditional probabil-
ities calculated from the different resolution datasets. The
image and DEM are used in their most detailed form,
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Figure 2. Curlew Habitat map produced through application
of the method described above. The Bayesian modeling
procedure was used with presence/absence data for Cur-
lew (1-km squares), full resolution, categorized spectral
scale, three-band satellite imagery (25-m resolution), and
a 1:250,000-scale digital elevation model (100-m resolu-
tion) to produce this map of habitat patches and their
suitability for Curlew. The areas shown in white are agricul-
tural and forestry areas which were masked out of the im-
age prior to analysis; these habitats were not part of this
study. The map is referenced to the Ordnance Survey Na-
tional Grid (shown as eastings and northings on the out-
put). Units are probability on a scale of O to 1 but rescaled
to O to 100.

namely, at full spatial resolution, and all image bands are
used. These datasets can be considered to be independent,
the image bands recording different spectral properties of
surface cover according to wavelength, while the topographic
information provides an element of locational context.

All wildlife survey squares may be expected to contain
both suitable and unsuitable habitat for a species; this will
result in “noise.” The difference in resolution of the wildlife
survey and the satellite imagery can be used to advantage
however, to reduce the influence of “noise.” The 1-km
square bird survey data are used as a sampling frame to cal-
culate relationships between presence and absence of birds
and spectral properties of the image data and altitude. These
are established as conditional probabilities by iterating
through a large number of subsamples of the image data
within the 1-km squares, bird “presence” being assumed for
all pixels in 1-km squares where presence was recorded dur-
ing the bird survey and “absence” being assumed for all pix-
els in 1-km squares where no birds were seen. Spectral (and
altitude) values that consistently are associated with either
presence or absence will have a relatively low variability in
conditional probabilities between subsamples. The spectral
information in the image bands and the altitude data of the
DEM are then recoded with Bayes Theorem using the calcu-
lated mean conditional probabilities for presence and ab-
sence. This provides a map at the full spatial resolution of
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the imagery. Variability estimates are used to generate a map
of uncertainty associated with the output.

This type of full image resolution assessment of bird-
habitat relationships provides a link between the coarse reso-
lution of the bird survey data and the fine spatial resolution
of the satellite image. It allows the bird data to drive the im-
age classification with regard to the spectral properties of the
image and altitude classes expressed in the DEM.

Results

A Habitat Map for Curlew

An example of the use of this approach is presented for Cur-
lew, output being shown in Figure 2. Curlew were recorded
for 76 of the 152 sample 1-km squares visited during the bird
survey in 1988, Number varied between 1 and 13 in these
squares. During 1989 a second survey was carried out for a
randomly selected set of 68 1-km squares; in these, Curlew
were present in 14 and absent in 54 squares. As in 1988, the
maximum number of Curlew reported in any survey squares
was 13. The data for 1989 allow some testing of the map pro-
duced.

Each image band initially is reclassified into fewer spec-
tral categories by sub-dividing the 256 class scale into 52
classes of 5 dn interval. This is necessary to prevent large
numbers of zero probabilities occuring for each value, there
being only 152 sample squares in the bird survey dataset.
Each 1-km? is represented by 1600 pixels of 25 m? in the sat-
ellite image. An image pixel is selected at random from
within each of the 152 1-km squares of the bird survey; these
pixels are coded according to whether Curlew were recorded
as present or absent in that 1-km square and used to calcu-
late conditional probabilities for presence and absence. Re-
peat calculation using different (random) selections of pixels
allows means (and standard deviations) to be calculated for
conditional probabilities for presence and absence. This is
carried out for each of the categories of spectral values in
each of the image bands and for the heights recorded in the
DEM.

The mean values for conditional probabilities are then
used to combine the image bands and DEM using Bayes
Theorem. Because the number of records of presence and ab-
sence were equal in the bird data, prior probabilities for
presence and absence are both set to 0.5 (which effectively
removes the subjective element of this approach in this ex-
ample). The product is a map whose information content
represents the probability of Curlew being present (Figure 2);
the standard deviations can be used to provide an objective
assessment of the spatial pattern of error associated with this
map (Figure 3). It should be noted that Figure 3 only rep-
resents the spatial pattern of error and not the absolute error
(as probability values). This is because the data in Figure 2
are rescaled (0 < p < 1) with Bayes Theorem while the data
in Figure 3 are not rescaled.

Testing the Output

The information map output can be tested in two ways. First,
the map can be compared with a map of semi-natural habi-
tats produced by a field survey. Second, the probability val-
ues can be compared with the results of the survey of Curlew
carried out in 1989,

Table 1 compares the map probability scores with the
map of semi-natural habitats. The values are the percentage
of habitat types from the habitat map which coincide with
different probability scores in the output from the image
classification. A high percentage of the area of grassland,
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Figure 3. The spatial pattern and magnitude of the error
associated with the Curlew Habitat map (Figure 2). Units
are multiplied by 100 but note that these units are not di-
rectly comparable with the probability units in Figure 2 be-
cause they are not rescaled as 0 = p = 1. As in Figure 2,
the areas shown in white are agricultural and forestry areas
which were masked out of the image prior to analysis;
these habitats were not part of this study. The map is ref-
erenced to the Ordnance Survey National Grid (shown as
eastings and northings on the output).

dry-heath, and grass-heath scrub vegetation types are associ-
ated with high probabilities (0.61 to 1.00) of Curlew pres-
ence. Conversely, high percentages of the area of woodland
scrub and sub-alpine vegetation types are associated with
low probabilities of Curlew presence. There results are in
agreement with observed habitat preferences of Curlew,

The mean probability scores in 1-km squares of the 1989
survey of Curlew can be calculated. For squares where Cur-
lew were present, the mean probability is 0.73 and for
squares where Curlew were absent the mean is 0.49. How-
ever, this test can only be indicative because it is based on a
1-km square framework which has limitations because both
suitable and unsuitable habitat are present in 1-km squares.
Not surprisingly, therefore, the variance of probability scores
is very high for both presence (sd = 0.56, n = 14) and ab-
sence (sd = 0.32, n = 54).

Discussion

Successful classification of an image using this approach of-
fers a number of benefits that complement the more general
advantages of satellite imagery for wide area habilal map-
ping.

The method is based on use of presence and absence
data from wildlife survey rather than abundance counts (al-
though these can be used). These data are increasingly avail-
able from atlases and digital databases. Where absence data
are not recorded, presence can be compared with a large ran-
dom sample (Aspinall, 1991). The method also requires only
a sample survey of wildlife (here 10 percent of the study
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area); this makes it appropriate for use as part of a rapid sur-
vey and increases its benefit for targeting field survey.

By mapping directly from a wildlife survey, the method
reduces the dependence on establishing a close relationship
between image classes (spectral habitat types) and “ecologi-
cal” habitat types with which the species is known to be as-
sociated and on which suitability indices depend. The
strength of this relationship is fundamental to the overall ac-
curacy of all analyses of habitat maps within a GIS in which
rules and weights are used to combine datalayers to produce
maps of habitat suitability based on composite indices. With
the method described here, relationships between wildlife
distibution and habitat are inherent in the map output.

Improvements to the output here would derive from a
better estimation of altitude, through use of a larger scale
topographic source map or a smaller pixel size where this is
supported by the cartographic and survey properties of the
source map. Additionally, in the context of modeling bird
distribution, a Triangulated Irregular Network (TIN) can rep-
resent important topographical features not capable of repre-
sentation with a raster DEM that has a relatively large and
fixed cell size; because topographic features are often impor-
tant for delimiting bird territories (Ratcliffe, 1976), this may
have an impact on habitat definition for Curlew.

The digitally derived habitat map is also fully integrated
into a Geographic Information System for further spatial
analysis, and, because the classification process is quantified,
subsequent error analysis can use uncertainty information as-
sociated with this habitat map input. Additionally, because
the map is at the full spatial resolution of the satellite im-
agery, further analysis of habitat relationships need not de-
pend on restructuring the habitat map to the spatial units of
the wildlife survey but can investigate habitat structure with
the full mapping resolution of the satellite imagery used. In
this respect, the map output produced offers great potential
for analysis of species distribution, notably through applying
the principles of landscape ecology (Forman and Godron,
1986; Turner and Gardner, 1991). A GIS provides a highly
suitable analytical environment for the identification and
quantitative description of spatial pattern of habitat struc-
tures in the data presented in the map. Functional elements
can also be identified through analysis of topological rela-
tionships between habitat structure. Focusing on habitat
structure and function within an analytical GIS retains spa-
tial properties of habitat information; this is likely to lead to
models of distribution that are ecologically more acceptible
than models based on statistical analysis of data which have

TasLe 1. Crasses ofF a ProasiuTy MopeL For CurLew DistriguTion (DerivED
FROM BAYESIAN CLASSIFICATION OF THREE BANDS OF A LANDSAT THEMATIC MAPPER
IMAGE AND A DiGITAL ELEVATION MODEL) COMPARED WITH CATEGORIES OF SEMI-
NATURAL VEGETATION FROM A MapP OF NATURAL HABITAT AT 1:50,000 ScaLE.
VALUES ARE THE PERCENTAGE OF EACH HABITAT CLASS ASSOCIATED WITH THE
ProBaBiLTY RANGES IN THE OutPuT Map (FiGure 1).

Probability

Cover Type 0-0.20 0.21-0.400.41-0.60 0.61-0.80 0.81-1.00
Her-Rich Grassland 6.8 1.2 4.7 20.1 67.3
Rough Grassland 8.2 1.5 5.1 241 61.2
Dry Heath 141 5.0 14.4 32.9 33.7
Wet Heath 25.5 8.8 20.9 26.2 18.7
Grass-Heath Scrub  15.3 0.7 2.0 12.4 69.7
Bracken 28.5 0.1 2.2 14.9 54.1
Mires 20.1 9.3 26.6 25.1 19.0
Sub-Alpine Heath 67.6 14.7 11.7 5.2 0.9
Woodland Scrub 41.2 3.7 5.2 28.4 21.5

541



PEER-REVIEWED ARTICLE

been rearranged to conform to the basic spatial unit used for
the wildlife survey.
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GIS VIDEoOS:
AN ANNOTATED BIBLIOGRAPHY
COMPILED BY AMY RUGGLES

This text is intended to serve as a reference guide for individuals who are searching for the video that best meets their GIS
education and training needs. Each bibliography includes information on the video’s: publication date; format; length of
play time; copyright date; price; source; a brief description; and keywords. Over 150 videos are covered.

The videos have been grouped under 6 general headings: Data Acquisition, Data Display and Analysis, GIS Applications
and Context, GIS Principles, GIS Software and Hardware, and Video Series. However, video topics are not limited to GIS
alone. Some videos from related fields such as cartography, remote sensing, and surveying are also included.
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