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Abstract

A variety of ecologica questions now require the study of large regions and the understanding of spatial
heterogeneity. Methods for spatial-temporal analyses are becoming increasingly important for ecologica
dudes A gid odl besed godid adyss progan (SPAN) is desribed and resdts of landscgpe petten andly-
ds uwdng SPAN ae pesmtedd Sevad edogicd topics in which geogrgphic informetion sydems (GIS) can
play an important role (landscape pattern analysis, neutral models of pattern and process, and extrapolation
aoos gaid sdes) ae reviewved. To dudy the rddionsip beween dosaved landscgpe pettens and  ecdlog
ical processes, a neutral model approach is recommended. For example, the expected pattern (i.€., neutral
model) of the spread of disturbance across a landscape can be generated and then tested using actual land-
scape data that are stored in a GIS. Observed spatial or tempora patterns in ecological data may aso be in-
fluenced by scale. Creating a spatial data base frequently requires integrating data at different scales. Spatial
scale is shown to influence landscape pattern analyses, but extrapolation of data across spatial scales may
be possible if the grain and extent of the data are specified. The continued development and testing of new
methods for spatial-temporal analysis will contribute to a general understanding of landscape dynamics.

Introduction

A variety of ecological questions now require the
dudy o lage regans and the undedanding of &
tia heterogeneity. Landscape ecology seeks to un-
derstand the ecological function of large areas and
hypothesizes that the spatial arrangement of eco-
systems, habitats, or communities has ecological
implications. For example, landscape patterns may
influence the spread of disturbance (e.g., Romme
ad Knigt 1982, Faklin and Forman 1987, Tumn-
er 1987a), the distribution and persistence of popu-
lations (e.g., Van Dorp and Opdam 1987; Fahrig
and Paloheimo 1988), ‘large herbivore foraging
(e.g., Senft et al. 1987), the horizontal flow of

maaids auch & sdmet o nutriets (eg., Peter-
john and Correll 1984; Ryszkowski and Kedziora
1987), and other ecologically important processes
such as net primary production (e.g., Turner
1987b; Sala et al. 1988). Landscape-level pheno-
mena are also receiving increasing attention as
questions of global change become more promi-
nent. Therefore, methods to analyze and interpret
heterogeneity at broad spatial scales are becoming
increasingly important for ecological studies.

The need to consider spatial and temporal scale
in ecologica analyses has often been noted (e.g.,
Allen ad Sar 1982, Dedoout et al. 1983, O’Neill
et al. 1986, Addicoit et al. 1987; Getis and Frankiin
1987; Meentemeyer and Box 1987; Morris 1987;
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Urban et al. 1987). Given the dramatic expansion of
the range of scdes a which ecologica problems are
posed, this need may be greater than ever. Para-
meters and processes important at one scale are
frequently not important or predictive at another
scale, and information is often lost as spatial da-
ta are considered at ‘coarser scales of resolution
(Henderson-Sellers et al. 1985; Meentemeyer and
Box 1987). Ecological problems may aso require
the extrapolation of fine-scale measurement for the
analysis of broad-scale phenomena. Therefore, the
development of methods that will preserve infor-
mation across scales or quantify the loss of infor-
mation with changing scales has become a critical
task. Such methods are necessary before ecologica
insights can- be extrapolated between spatial and
temporal scales.

Geographical  information systems (GIS) of vary-
ing complexity have emerged as useful tools in ad-
dressing landscape-level research questions. Many
current  ecologicd problems can be addressed more
easily by using some type of GIS. Such questions
might include: How has landscape structure chang-
ed through time? What factors control landscape
patterns? How does landscape pattern affect eco-
logical processes? Can measures of landscape pat-
tern be directly related to ecological function? How
does landscape pattern affect the spread of distur-
bance? Can landscape changes be predicted using
simulation models? How does spatial scale in-
fluence the analysis of landscape pattern?

The objectives of this paper are to review severa
topics in which GIS can play an important role and
to highlight current research results. In particular,
I will focus on the analysis of landscape data, the
use of neutral models of pattern and process, and
extrapolation across spatial scales.

Landscape pattern analysis

Before the interaction between landscape structure
and ecological processes can be understood, land-
scape patterns must be identified and quantified in
meaningful ways. Landscape mosaics are mixtures
of natural and human-managed patches that vary
in size, shape, and arrangement (e.g., Burgess and

Sharpe 198 1; Forman and Godron 1981, 1986;
Krumme et al. 1987; Turner and Ruscher 1988).
Considerable progress has been made in landscape
pattern analysis (e.g., Milne 1988; O’Neill et al.
1988; Turner and Ruscher 1988). Many sudies em-
ploy user-generated computer programs to perform
the analyses rather than commercialy available
GIS. User-generated programs alow the inclusion
of cugdomized analyticd methods and easy linkages
to other programs such as spatia simulation
models. Such programs generdly lack the advanced
graphics capabilities of commercidly available
GIS, but may have the ability to run on amost any
computer. | will describe a spatid andysis  program
that | developed in FORTRAN and briefly review
some of its applications.

Spatial analysis program (SPAN)

SPAN is a grid-cdl based andysis program that can
be applied to any kind of categorical data (note that
SPAN is not related to the commercially available
geographic information system, SPANS). The pro-
gram was developed to quantify landscape patterns
and their changes in an ecologically meaningful
manner (Turner and Ruscher 1988) and to evauate
the predictions of a spatial simulation model (Turn-
er 1987¢, 1988). SPAN can be used with any kind
of categorical data that can be rasterized at an ap-
propriate level of resolution. The program provides
printed output with some summary statistics and
computerized output in the form of data files that
can be statistically analyzed using SAS.

SPAN incorporates a series of measures of spa-
tial pattern (Table 1). The fraction of the land-
scape, p, occupied by each type of data (eg., cover
type) is calculated. Nearest neighbor probabilities,
g;; are then calculated, representing the probability
of cells of land use type i being adjacent to cells of
land use type j. The g;; values are calculated by
dividing the number of cells of type i that are adja-
cent to typej by the total number of cells of type i.
Nearest neighbor probabilities can be calculated
both vertically and horizontaly (even diagonally)
such that anisotropism, or directiondlity, in the
gpatial pattern can be measured. The degree of



Tuble 1. Measurements of landscape patten that are caculated
in SPAN.

Variable Description

Pk Proportion of the landscape occupied by each
category

s, ! Sze and perimeter of each patch

d Fractd dimenson of patch peimeters

E;; Edges between each pair of categories

4, Probabilities of adjacency (vertical and horizontal)
between  categories

H Diversity  index

D Dominance  index

C Contagion  index

anisotropism in a landscape may depend upon
topographic or other physical constraints and may
also vary with the extent of human influence. The
differences between the horizontal and vertical
probabilities of adjacency can indicate this direc-
tional alignment of spatiad components.

The anout of edge bawenn ecth lad ue is de
termined by summing the number of interfaces be-
tween adjacent cells of different land uses, then
multiplying by the length of a cell (e.g., 100 m for
I-ha cells). The amount of edge between al
categories is printed, and the edge data files can be
statistically analyzed using SAS.

Each pach in the landscgoe marix is then identi-
fied. A patch is defined as contiguous, adjacent
(horizontally or verticaly) cells of the same land
cover; diagonal cells are not considered to be con-
tiguous. Each patch in the landscape matrix is lo-
caed, ad its sSze (s) ad paimge () ae recoded
The number and meen sze of pades by ay cae
gory can then be calculated for each matrix using
SAS (SAS Inditue 1982). The compledty of pech
perimeters is measured using fracta dimensions
(Mandelbrot 1983), which can be used to compare
the geometry of landscape mosaics (Milne 1988).
The fractal is calculated for grid cell data using an
edge to area relationship (Burrough 1986; Gardner
e al. 1987) in which (//4) is the length scde usd in
measuring the perimeter. To calculate an overal
fractal dimension for each or al data categoriesin
a matrix, linear regression anaysis of log (N4)
agpnd log9 is done usng SAS The fradd dmenr
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sion of the patch perimeters is equal to twice the
slope of the regression line. In this anaysis, the
fractal dimension can theoretically range from
1.0 to 2.0, with 1.0 representing the linear peri-
meter of a perfect square and 2.0 representing a
very complex perimeter encompassing the same
area

Three indices (O’Neill et al. 1989) based on infor-
mation theory (Shenon ad Weaver 1962) ae d
included in SPAN. The first index, H, is a measure
of diversity:

m
H= - /En(Pk) log(Py), ()

where P, is the proportion of the landscape in
cover type k, and m is the number of land cover
types obsaved. The lager the vdue of H, the more
diverse the landscape.

The soond index, D, is a messre of dominancg
cdadaed as the devigion from the maximum pos
sible diversity:

3

D= Hyp + L (P) log(P), @

where m = number of land use types observed on

the map, P, is the proportion of the landscape in

land use k, and H,,, in Eq. 2 normalizes the index
for differences in number of land cover types be-

tween different landscapes; the terms in the sum-
mation are negative, so Eq. 2 expresses the devia-

tion from the maximum. Lage vdues of D indicae
a landscape that is dominated by one or a few land
uses, and low values indicate a landscape that has
many land uses represented in approximately equal
proportions. However, the index is not useful in a
compledy  homogeneous landscae (e, M = 1) be
cause D then equals zero.

The third index, C, measures contagion, or the
adecency of land cover types The index is cdaua-
ed from an adjacency matrix,_ Q, in which @, ; is
the proportion of cells of type I that are adjacent to
cells of typej, such that:
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m m
C = Ky +i§1 jEI(Qi'j) log (Q;), (3)

where K_.. =2 mlog(m) and is the absolute value
of the summation of (Q; Hlog(Q; ) when &l possi-
ble. The summation term is negative, and Eq. 3
gives the deviation from the maximum possible
contagion. K,,,,, normalizes landscapes with differ-
ing vaues of m and causes C to be zero when m =

1 or dl posshle adjacencies occur with equd proba-
bility. When m = 2, large values of C will indicate
a landscape with a clumped pattern of land cover

types.

Landscape pattern analysis using SPAN

SPAN was used by Turner and Ruscher (1988) to
determine how landscape patterns in Georgia
(southeastern U.S) had changed during the past 50
years and whether the patterns varied by physio-
graphic region. Historical aeria photography from
the 1930's to the 1980's was digitized in grid cell for-
mat and analyzed using SPAN.

Changes in the landscape pattern through time
were identified. The Georgia landscape has become
less fragmented and more connected, as indicated
by a genera decrease in edges, fractal dimensions,
contagion, and dominance. Forests, the naturd veg-
elative cover, became more connected, increasing in
aeriad extent and in mean patch size. The dominant
types of edge changed qualitatively (from transi-
tional-agricultural and transitional-hardwood to
agricultural-pine and pine-hardwood), reflecting
the successional changes that followed cropland
abandonment. The changes observed in the Geor-
gia landscape contrast with the decreased connec-
tively observed in other areas of the U.S. (Burgess
and Sharpe 1981; Whitney and Somerlot 1985;
Sharpe €t al. 1987) and many European countries
(e.g., Van Dorp and Opdam 1987).

Regiona differences in the Georgia landscape
were identified. The piedmont and mountain re-
gions were most-patchy, whereas the coastal plain
had fewer and larger patches. Complex patch
perimeters, as indicated by higher fractal dimen-
sions, were observed in the mountains and pied-

mont; sSimpler shapes were observed in the coastal
plain. The highest diversity and most edges were
observed in the mountains, and there was a geo-
graphic trend of decreasing diversty and increasing
dominance and contagion from the mountains to
the lower coastal plain. Thus, broad-scale topo-
graphic patterns and physiography may be reflected
in the landscape patterns. Other studies (e.g.,
Swanson et al. 1988) have adso suggested the impor-
tance of landforms in controlling landscape pat-
tern.

Landscape components that were less influenced
by humans (e.g., hardwood forests) tended to be
more complex in shape than those which received
greater human influence (e.g., urban or agricultural
lands). Similar results have been reported for other
sections of the United States (Krummel et al. 1987).
The observed complexity of patches of transitional
land and lower deciduous forest may reflect topo-
graphic or edaphic patterns.

Several of these indices may provide different in-
formation at different spatial scales. Using a data
set that covers most of the eastern U.S., O'Neill et
al. (1988) used three indices (dominance, conta-
gion, and fractal) to discriminate among major
landscape types such as urban coastal landscapes,
mountain forest, and agricultural areas at one point
in time. In the Georgia study, Turner and Ruscher
(1988) observed significant changes in the diversity
and dominance indices through time but not among
physiographic regions. In contrast, contagion,
which identifies finer-scaled aspects of pattern
(O'Neill et al. 1988) differed significantly among
physiographic regions but not through time. Edges
and patch sizes, which describe even finer detail,
varied significantly in Georgia both through time
and among regions. Thus, broad-scale measures of
pattern may be useful to detect large tempord
changes but may be less useful to differentiate spa-
tia patterns within a biotic province.

Neutral models of landscape pattern
Once landscape patterns have been quantified, un-

derstanding their causes and potential effects on
ecological processes is of tremendous interest. Geo-



graphic information systems can play an important
role in such studies if explanatory variables are in-
cluded in the spatia data base; However, the rela-
tionship between observed landscape patterns and
an ecological process can only be rigorously tested
if the expected pattern in the absence of the process
is known (Gardner et al. 1987). This type of ex-
pected pattern has been termed a ‘neutral mode!’
(Caswell 1976). Neutral models can be used to
measure the improvement in predictability which
may be achieved by modeling topographic, climat-
ic, and disturbance effects, for which data are fre-
guently contained in a GIS.

The movement of disturbances across landscapes
is being studied in a neutral model context by Turn-
er et al. (1988, 1989a) using percolation theory
(Stauffer 1985; Qrbach 1986; Gardner et al. 1987).
A landscape can be characterized in terms of
habitat that is susceptible to a particular distur-
bance (e.g., pine forests susceptible to bark beetle
infestations) and habitat that is not susceptible to
the disturbance (e.g., hardwood forests, grass-
lands, etc.). The spatial arrangement of the distur-
bance-susceptible  habitat can be randomly genera-
ed a' probability p on an appropriately scaled
percolation map, and the propagation of distur-
bances that spread within the susceptible habitat
may then be studied. Turner et al. focused on two
disturbance characteristics, intensity and frequen-
cy, as they interact with landscape pattern. Distur-
bance frequency is defined as the probability that a
new disturbance will be initiated in a unit of sus-
ceptible habitat at the beginning of the smulation.
Intensity is defined as the probability that the dis-
turbance, once initiated, will spread to adjacent
sites of the same habitat. The spread of a distur-
‘bance across a landscape is then predicted as a func-
tion of (1) the proportionof the landscape occupied
by the disturbance-prone cover type, (2) distur-
bance intensity, and (3) disturbance frequency. -

The neutral model of disturbance quantitatively
predicted the spread and effects of disturbance on
the susceptible habitat and identified a critica
threshold in the spatial pattern. Disturbance propa-
gation and effects on landscape pattern were quali-
tatively different when the proportion (p) of the
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landscape  occupied by disturbance-susceptible  hab-
itat was above or below the percolation thres-
hold (p,) (Fig. 1). (The percolation threshold is the
probability a which the largest patch or cluster can
span the entire grid and is approximately 0.5928).
The distribution and spatia arrangement of the
susceptible  habitats  helps  explain  these  differences.
Habitats occupying less than p_ tend to be frag-
mented, with numerous, small patches, and low
connectivity (Gardner et al. 1987). The spread of a
disturbance was constrained by this fragmented
gpatial pattern, and the sizes and numbers of
clusters were not substantiadly affected by the inten-
sity (§) of disturbance. Habitats occupying more
than p, tend to be highly connected, forming con-
tinuous clusters (Gardner et a. 1987). Disturbance
could spread through the landscape even when fre-
quency was relaively low.

The neutral model of disturbance propagation
can be tested using landscape pattern and distur-
bance data for actual landscapes. A digitized map
of the habitat types in the landscape would be re-
quired, and a temporal sequence of landscape pat-
terns before and after disturbances would be par-
ticutarly useful. Data for landscapes that have
different spatial patterns but are susceptible to the
same disurbance (eg., fire or pest outbresk) might
dso be used. In addition, data on the number of in-
itiations, the'rate of spread, and the spatia extent
of disturbance would be necessary. Knowledge of a
few parameters that describe landscape heter-
ogeneity and the propagation of disturbance may
provide useful insights for predicting landscape
effects.

The expected patterns of a variety of ecological
phenomena (e.g., spatial distribution of species)
can dso be sudied using a neutrd model  gpproach.
For example, the suitability of alandscape for par-
ticular species (e.g., Pameirim 1988) could be
predicted, and boundary phenomena (e.g., Wiens
et al. 1985, Schonewald-Cox 1988) could be
studied. As the use of GIS becomes increasingly
widespread, it will become more important to con-
sider expected patterns in the absence of specific
processes before the observed patterns can be ex-
plained.
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Fig. 1. The percent of susceptible habitat on a random landscape that is affected by disturbances of different frequency and intensity
when the proportion of susceptible habitat was (a) below or (b) above the critical threshold (p, = 0.5928). When p < p,, disturbances
frequency has a greater influence than intensity, whereas when p > p,, disturhance intensity is very important even when frequency

is low. (Adapted from Turner et d. 1989a).

(a) increasing grain size

(b) Increasing extent

Fig. 2. llustration of changing two components of spatid scale,
grain and extent. (a) Grain size refers to the resolution, », of
each data unit. (b) Extent refers to the size of the Sudy area, a
Changes in grain and extent affect the measurement of land-
scape pattern in different ways. (from Turner et a. 1989h).

Extrapolation across spatial scales
The pdtans obsaved in exlogcd deta may be in
fluenced by spatial scale. In studies of landscape
structure or function, information may be available
at avariety of levels of resolution, data must often
be compared across large geographic regions, and
it may be necessary to extrapolate information
from local to regional scales. Applications of GIS
also frequently require the integration of data ob-
tained at different spatial scales. It is therefore im-
portant to develop an understanding of and ability
to predict changes in ecological phenomena with
dagess in sde

The spatia scale of ecological data encompasses
both grain and extent (Fig. 2). Grain refers to the
resolution of the data, i.e., the area represented by
each data unit. For example, a fine-gran map
might organize information into I-ha units, where-
& a mgp with an oda of megiitude coarsyr resdlu-
tion would have information organized into 10-ha
units. Extent refers to the overall size of the study
area. For example, maps of 100 km? and 100,000
km? differ in extent by a factor of 1000. The effects
of grain and extent are of particular concern, and
the reponsss of ecdlogicd parametes messred  on
the landscape to changes in spatia scale are not
knomn It hes ben suggeted (Allen & al. 1987) that



information can be transferred across scaes if both
grain and extent are specified.

Turner et al. (1989b) used an experimental ap-
proach to study the effects of spatid scale on land-
scape patern. The purpose of the study was to ob-
serve the effects of changing the grain (the finest
level of spatial resolution possible with a given data
set) and extent (the total area of the study) of land-
scape data on observed spatial patterns and to iden-
tify some generd rules for comparing measures ob-
tained at different scales. Simple random maps,
maps with contagion (i.e, clusters of the same land
cover type), and actual landscape data from USGS
land use (LUDA) data maps were used in the anal-
yses. Landscape patterns were compared using in-
dices measuring diversity (A), dominance (D) and
contagion (C). Rare land cover types were lost as
grain became coarser. This loss could be predicted
analytically for random maps with two land cover
types, and it was observed in actual landscapes as
grain was incressed experimentaly. What was par-
ticularly interesting, however, was the manner in
which the spatia pattern influenced the rate at
wwhich information was lost as grain became
coarser. Although less dominant cover types aways
declined, cover types tha were dispersed were logt
most rapidly and cover types that were clumped
were lost most dowly. The diversty index decreas:
ed linearly with increasing grain size, but D and C
did not show a linear relationship. The indices D
and C increased with increasing extent, but H ex-
hibited a varidble response. The indices were sens-
tive to the number (m) of cover types observed in
the data set and the fraction of the landscape oc-
cupied by each cover type (P,); both m and P,
varied with grain and extent.

The results demondrated how the spatid scde a
which landscape patterns are quantified can in-
fluence the result, and that measurements made at
different scales may not be comparable. Quadlitative
and quantitative changes in measurement across
spatial scales will differ according to how scale is
defined. Therefore, the definition and methods of
changing scde must aways be explicitly dtated. It is
important to define the scale of ecological data
in terms of both grain, Sg, and extent, Se. The
identification of properties that do not change or
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Fig. 3, lllustration of how models, GIS, and data can contribute
to the development of theory that addresses the ecological impli-
cations of spatiad patterns. These methods make it possible to
generate and test landscape-level hypotheses.

dage paidady axos sdes wodd gnmgify the
extrapolation of measurements from fine scales to
broad scales. Characterizing the relationships be-
tween ecological measurements and the grain and
extent of the data may make it possible to predict
o oorect for the loss of informdion with changes
in spatial scale. More importantly, the ability to
predict how ecologica variables change with scale
may open the door to extrapolating information to

larger scales and to comparing data measured in
different regions.

Conclusion

Spatia-temporal analysis in ecology promises to
provide additional insight into ecological processes
at a variety of scales. Hypotheses at the landscape
levd can now be geneaed ad teted by ocombining
models, spatial-temporal analyses, and spatialy ex-
plicit data (Fig. 3). Anaytical methods are neces-
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Table 2. Generd hypotheses that can now be tested by using models, data, and spatio-tempora analyses.

Measures of landscape pattern can be directly related to ecological processes a different scales.
Landscape patterns can be predicted using a small set of ecological variables.

Predictive variables differ with' spatid and tempora scale.

Landscape effects on ecologicaly important parameters can be detected by compaing expected patterns (i.e, neutra models) and ob-

served  patterns.

There are critical thresholds in the spatiadl patterns in the landscape a which ecological processes will qualitatively change.
The spatidl spread of disturbance can be predicted using a few parameters describing landscape heterogeneity and disturbance charac-

teristics.

Information may be extrapolated across spatid scales if the grain, extent, and contagion of the data are known.

sary for changes or differences in spatiad patterns to
be identified. Therefore, these methods are also
necessary for the development of ecological theory
that incorporates the implications of spatial ar-
rangement. Models can be constructed to improve
our theoretical understanding of spatialy influenc-
ed phenomena, just as experiments are conducted
to improve understanding of an empirical problem
(Caswell 1988). Combining spatia-temporal anal-
yses with models permits the development of hypo-
theses that can then be empiricaly tested using
gpatial data.

The selection of particular methods of analysis
(e.g., user-generated programs or the many com-
mercia GIS systems) depends upon the objectives
of a particular study and the available equipment.
The analysis programs described in this paper are
relatively simple and were developed to answer
specific landscape-level questions. The programs
are easy to run and interpret and can be applied to
any categorical data that are in raster format. Anal-
yss prograns such as SPAN can dso be linked with
spatial smulation models and used to test the good-
ness-of-fit between model predictions and land-
scape data.

The results reviewed in this paper suggest some
directions for future research. Simple indices and
measures such as those presented here can  capture
aspects of landscape pattern a different scales. Sig-
nificant changes in landscape patterns through time
and differences across regions can be identified.
These analyses could be applied to a variety of data
in a GIS to determine how the patterns of different
variables were related. The measures also show

promise of relating to ecological processes (e.g.,
disturbance), but more research is required to eluci-
date the linkage between pattern and process.

Neutra models may be extremely useful in iden-
tifying the factors causing landscape patterns or the
effects of ecological processes. The disturbance
model presented here is one example of a neutral
model relating pattern and process; many others
could be developed. Data that are in a GIS can be
used to test neutral models and determine how the
addition of ecological factors improves predictabil-
ity. The existence of critical thresholds (e.g., p,)
beyond which dramatic changes occur could dso be
testedusing a GIS.

Spatl scale influences the analysis of landscape
data, and the comparison of data obtained at dif-
ferent scales may not be straightforward. Rules for
extrapolating across spatial scales may be possible,
but scale must be defined and specified in terms of
grain and extent. Considerable additional research
is required to develop a more complete understand-
ing of the relationship between scale and the pat-
terns and processes observed on the landscape.

With the availability of GIS and other methods
of spatial-tempora analysis, hypotheses can now
be tested at broad spatia scales. Some general
hypotheses that emerge from the research reviewed
here are presented in Table 2. These hypotheses
could be tested using appropriate ecological pro-
cesses in actual landscapes. New methods of analy-
sis will continue to be developed and tested as eco-
logical research focuses on broader spatial and
temporal scales. The development of robust analyt-
ical methods, models, and experiments that provide



unique insights into ecological processes will con-
tribute to a general theory of landscape dynamics.
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