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Abstract

We suggest that ecological processes and physical characteristics possess an inherent scale at which the
processes or characteristics occur over the landscape. We propose a conceptual spatia response model that
describes the nature of this ecological scale. Based on the proposed spatial model, we suggest methods for
estimating the size of study plots or transects and the distance between replicate plots needed to approach
statistical independence. Using data on percent cover for Agropyron spicatum, a common arid-land bunch-
grass, we demonstrated four relationships that should hold if the spatid response model is appropriate. These
relationships are sample variance increases as functions of (1) transect segment length and (2) intersegment
length (transect segment dispersal), and correlation decreases as functions of (3) intersegment length and (4)
transect segment length. Based on evauation of these four relationships, cover for A. spicatum is correlated
over the landscape on a scale of 400 to 700 m, and a segment length of 64 to 128 m is most appropriate for

measuring cover for this species.

Introduction

Early interest in ecologica scale was oriented
toward determining the appropriate sampling unit
sze for dudying ecologica phenomena, particular-
ly those of plants. Speciesarea curves generated by
counting the number of species on increasingly
larger plots ‘offered one method (Cain 1943; Cain
and Castro 1959; Greig-Smith 1964). This approach
emphasized species composition and the inclusion
of most of the representative species in the sampling
unit. Another method, oriented toward minimizing
variance, entailed estimating variances of plant
parameters for various plot sizes and choosing the
plot size with the minimum acceptable variance

(Greig-Smith 1964; Daubenmire 1968; Mueller-
Dombois and Ellenberg 1974). This approach has
been used frequently to describe pattern in vegeta-
tion (Kershaw 1957; Greig-Smith 1961; Usher 1969,
Hill 1973; Errington 1973). Other less objective ap-
proaches include those of Mueller-Dombois and
Ellenberg (1974), who provided ranges of minimal
plot-size area for temperate zone vegetation, and of
Green (1979), who suggested some rules of thumb
regarding minimum plot size based on size and/or
mobility of the organisms of interest. These ap-
proaches imply that a natural scale exists in ecologi-
cal phenomena, and that selection of sampling unit
sizes gpproximating that scale will yield the mogt in-
formation about the phenomena.
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More recently, the question of scale in ecologicd
processes has been addressed directly. Morris
(1984, 1987) accepts the concept of scae as an in-
herent attribute of ecological processes and advo-
caes the use of biologica attributes of organisms to
... define the organisms perception of scal€
(Morris 1987). Dayton and Tegner (1984) dso im-
ply that ecological processes have characteristic
scales, both spatially and temporally. In contrast,
Allen and Starr (1982) assert that scale in ecologica
processes is not an inherent atribute of the process,
but an artifact of the levels of resolution used to
measure the process. Despite the opposing views
regarding the nature of ecologicd scale, both Mor-
ris (1987) and Allen and Starr (1982) advocate the
study of different ecological communities in order
to most clearly define the ecologica processes of in-
terest. The concept of inherent and multiple ecolog-
icd scades has been emphasized in recent sudies of
avian community dynamics (Maurer 1985), small
mammal habitat selection (Morris 1987), herb com-
munity associations (Maguire 1985), and kelp
forest dynamics (Dayton and Tegner 1984).

We agree with Morris (1987) and others that
there are inherent scales in ecological processes. A
fundamental principle of ecology is that processes
and physical characteristics resulting from those
processes are interrelated. We suggest that the
strength of those interrelationships can define in-
herent scades of ecologicd processes and therefore
the most appropriate levels of resolution for further
sudy of the processes. Further, we suggest that the
strength of interrelationships, and therefore the in-
herent scale of ecological processes, can be deter-
mined using edtimates of spatid variance and corre-
lation. This paper describes a study of the use of
variance and gpatial correlation estimates for  defin-
ing ecologica scale and determining appropriate
levels of resolution for measuring plant distribution
and thus, indirectly, the processes that have caused
the observed didtribution. Thus, this sudy could be
considered in the wider context of landscape ecol-
ogy (Urban et al. 1987).

Spatial response model

The varying nature and hierarchial complexity of

spatial patterns usually precludes data summariza-
tion with a few simple metrics. Rather, the dimen-
sionality of spatia patterns usualy requires data
summaries by one or more graphs. Proper selection
of graphical representation depends on underlying
assumptions concerning the mechanisms that gen-
erated the patterns. We proposed a conceptual
model for spatial pattern based on the assumptions
of a mosaic of overlapping environmental factors
and used this mechanism to predict various data
relationships (i.e., deduction) that should exist if
the underlying mechanism is correct. Subsequent
data presentations and analyses (i.e., induction) are
then used to ether refute or modify this conceptua
model concerning spatial patterns and the scale of
ecologicd  processes.

The spatid model we investigated begins with the
assertion that plant cover depends on specific loca
habitat conditions. Further, the particular habitat
a a point in the landscape is assumed to be a conse-
guence of a series of concurrent, overlapping en-
vironmental  factors (Fig. 1). For example, soil tex-
ture, nutrient availability, moisture, topography,
and slope aspect all contribute to the plant cover.
Each of these, as wel as other environmenta com-
ponents, may vary either systematicaly or random-
ly across the landscape. The scde of this spatid var-
iation also differs between the relevant environ-
mental factors influencing plant density. For
example, the spatia scale for soil texture may be
smaller than that for soil moisture, or vice versa

Based on this spatial model of habitat distribu-
tion and juxtaposition, we assume that the resultant
plant cover is a random expression of the cover
potential provided by these overlapping environ-
mental conditions. The basis for this model comes
from a variance structure describing animal abun-
dance examined by Skalski and Robson (in press).
Adapting their findings to our model of overlap-
ping ecological processes, we suggest that sample
plots become more similar (e.g., identically dis-
tributed) the closer they are together and exhibit lo-
cal chance variation of the Poisson type. Skalski
and Robson show that this type of spatia variation
can arise from a mixture of Poisson and gamma
densities which, for special case, generate a nega-
tive binomial distribution, a common model for



goatid paten (Hliott 1971). In essncg our modd
assumes that plant cover associated with a given
plot is a Poisson chance variable with some
parameter unique to that plot (A, for example).
Among plas the Posson paandeas vay acoord
ing to a gamma frequency distribution. Under this
model, the plant cover from plots close together
will behave analogous to independent, identically
distributed, Poisson random variables. Thus, adja-
cent plots share the same Poisson mean density
parameter, and. exhibit Poisson variation between
plos In tun, didat samples ae expected to have
differences in the density parameters and exhibit
between-sample variation in excess of the Poisson
variability.

This modd, when usd to desibe the quetid ds
tribution of plant cover, has implications in density
measurements as a function of both plot size or
transect segment length (TSL) and plot dispersion
or intersegment distance (ISD) across the land-
scape. Specific consequences of the hypothesized
model are discussed in subsequent sections using
line-intercept transect data.

Sample variance as a function of segment length

The consequence of assuming local Poisson varia
bility is thet plant cover is independently and identi-
caly distributed for sufficiently small adjacent
transect segments. An increase in the size of TSL
can, thadore be vieved a8 a am o ajaoat trar
st sgmats Repoted paoat cove (O for T
aud to T (.e, composd of T unit lengths for ex-
anpe 1 m) is then mply a meen of T indgpendant
random variables with variance

.
Var (C) “_-?C ¢))

where oé = variance of plant cover based on tran-
st sggmats of it dze

As TSL increases sufficiently in size, Poisson
variation is supplemented with variation in habitat
conditions, and sample variance no longer strictly
fdlons Equetion 1 Rathe, the smple modd of in
dependent, identically distributed Poisson varia
bes bresks down, ad the vaiance ad covaiance
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bawen the gamma ddribued Poisson  paandas
from adjacent transect segments inflate the overall
variance in plant cover. Thus, the variance of the
pacat oove  beoomes

L s i<i )
- = 2 03

T T

X, Yva (X)+2LCo (X;X)
= i=I

A

where X, = plant cover on the ith transect unit
i=12,....T).

In order to evaluate the magnitude of the above
variance, the variance and covariance elements in
Equation 2 must be further defined as functions of
tre gamma ddributed Poson paandes We can
minmize the compledty of this mixture of didribu
tions by using the special case where all of the \.’s
heve the same men (u,) ad vaiance (o2) (thus in
the indgpendat cas genading a negdive hinomi-
al distribution). Under this constraint, local hetero-
geneity is preserved, but all trends are removed
from the model landscape. Equation 2 then be-
comes

T
L X G + o) L opy
Var '} = - = ©)

where Pij is the correlation between A and )\j. Al-
lowing the pij’s to be a function of distance such
that ;= Py i for j > i gives

T

L x

i=1

(p.)\+a§)+20i[(T— Doy +(T=py+ ... +(T-T+ Dpp_ ]

T

Under our model, p, is greater than p, which is
greater than p, and so on. Thus, for the general
case, our model predicts that the variance of the
meen of T transsdt units will inceee as a fundion
of the gamma parameters, which are adjusted by
the heterogeneity in habitat factors.

The ddance dong the transedt & which the Pois
son variance law no longer holds can be identified
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graphicaly by plotting the observed ratio
AL (A WA (eM) (4)

against transect segment length T. Under indepen-
dence, the expected value of Equation 4 is approxi-
mately T, resulting in a 1. 1 relationship of T plotted
against itself. The point of departure from this
identity under Poisson variation indicates the dis-
tance a which the postive covariance in plant cover
associated with habitat factors comes into play.
The value of T at this point of departure suggests
an estimate of the measurement scale or transect
size appropriate for studying plant cover.

The estimated variance of C from Equation 4
can be calculated for different combinations of
TSL and the distances between transect segments
(i.e., the intersegment distance; ISD). We have
chosen to estimate the variance of C by the mean
of the within sample variation from many (100, say)
pairs of observations of a given TSL and separated
by a given 1SD. Thus, by expanding our notation to
allow for both a specific TSL and I1SD, V(C,y) is
given &s

2 - 5
L (Xtdjm - Xtdj)2 ©)
100 m=l

U )
R 100

where S2, = variance in percent cover for TSL =
t,and ISD =d, Xmljm = percent cover for TSL =
t, 1ISD =d, segment pairj =1, 2, 3, ..., 100, seg-
ment m =1, 2, and itdj = mean percent cover for
TSL =t, ISD = d, segment pair j.

Sample variance as a function of intersegment
distance (dispersal)

Our model dipulates that neighboring transect seg-
ments share more similar environmental com-
ponents and hence similar plant density or cover
than distant transects. The local Poisson model for
plant density ensures that transect segments close
together will have similar Poisson parameters. As
such, plant density is expected to be approximately
Poisson distributed for small transect segments in
proximity. Under the ssimpler model, where the \;’s

are independent and identically distributed, these
same unit segments are expected to exhibit negative
binomial between-plot (between-segment) vari-
ances in plant density when widely dispersed.

Between-plot variances of larger transect seg-
ments, being a sum of locd Poisson random varia
bles that are mostly independently and identically
distributed, will initialy follow the variance law
(Equation 1). However, as these larger transect seg-
ments become dispersed, each unit segment will be
contributing not only Poisson variation but an ad-
ditional variance component of the negative
binomia type to the overall variance. Hence, our
model predicts that for segment lengths greater
than the distance at which the variance law no
longer holds, the within-plot variance will increase
with dispersion.

Correlation as a function of intersegment distance

As the distance between segments of equal length
along the line transect increases, the number of
environmental components they share tends to
decrease. The spatid correlation  (product moment)
function of plant density along a transect can there-
fore be expected to decrease with increasing 1SD. In
order to characterize this expected decrease, we
chose a simplistic first-order autoregressive model
with an exponential decay in spatial correlation
written  as

pg = »° ©)
where d = didance between transect segments, p =
the spatial correlation (0 < p < 1), and py =
correlation when segments are a total of d units

apart.
The limit of (Eq. 6) as d increases is zero, i.e.,

dli_r;rJ pg =0 whenp < 1.
Functionaly, the correlation will approach zero
quite rapidly, and the shortest distance d where pd
=~ 0 provides an indication of the ecological scae
for the response being measured. This approach to
defining inherent ecologicd scde is used because it
emphasizes the interrelationships of many ecologi-



ca factors and the result of those interrelationships
on plant response.

The value of d can be interpreted as a measure-
ment of the average distance between two points in
the landscape where the number of common over-
lap zones approaches zero. Another way of phras-
ing this definition of d is the distance a which two
points in the landscape no longer experience the
same habitat conditions. Thus, the value of d can
be used to specify how far apart replicate transects
should be in order to obtain nearly independent ob-
servations.

The spatial correlation from Equation 6 can be
estimated by the sample correlation coefficient,
Equation 7. The estimated spatia correlation can
be viewed then as the correlation between the 100
pairs of observations (X,, X,) used to estimate the
variance of C 4 where

100
.E] Kigyr X Kigjz = Xia2)
}:
g = )

100 100

.El Kt ~ )_(tdl)zjzl K~ Xea2?
_]: =

is the sample correlation for TSL =t and ISD =
d. This approach for estimating spatial correlation
is not influenced by any directiona trend in plant
cover over the landscape if pairs of observations
with a given TSL and I1SD are randomly selected
and if no inherent ordering (e.g., right to left along
the transect) is considered. An alternative estimate
of the gpatia correlation is the autocorrelation
from time series analysis.

Correlation as a function of segment length

Envisioning transect segments as a sequence of seg-
ments of unit length, the correlation between seg-
ments as a function of increasing TSL can be postu-
lated by again using the conceptual model. Assum-
ing for the moment that the adjacent unit segments
follow a first-order autoregressive model (Eg. 6),
two adjacent unit segments delineted as X, and Y,
have a resulting correlation of
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2

pa
PX, v, = ——= ®
by, t+ oy
Similarly, for adjoining 2-m transect segments
delineated as X, and Y,, the first-order autocorre-

lation predicts a correlation of

p o (1+ p)?

®

PX,, Y, =
ST e 222 (s p)

For a known mean, variance, and correlation
coefficient, one can show that

PXpy V= PXy Yo = Xy, V5= .

That is, afirst-order autoregressive model predicts
decreasing correlation with increased segment
length. However, this model neglects the distance in
which observations behave like independent ran-
dom variables for whichp = 0.

An dternative model incorporating the assump-
tion of local Poisson variability (at least for seg-
ments of unit length) would result in an autoregres-
sve modd where

(10)

pd-1 for d = 2, and
Py = {

0 otherwise

Under this new model (Eg. 10), the same calcula
tions as above yield an increase in correlation with
increasing segment Sze up to two units followed by
a decrease in correlaion for segment lengths g&eat-
er than or equal to three units. In the general case,
the correlation will increase with increasing seg-
ment length until the distance is reached where ob-
servations no longer behave like independent Pois-
son random variables, and then the correlation will
decrease.

Plots of the sample correlation versus the inter-
segment  distance should be consistent with the plots
of variance versus transect length. The ISD where
the corrdlation begins to deadily decrease should be
approximately the same TSL where the variance
rule of Equation 1 no longer holds.
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Fig. 1. Relaive change in betw'een-transect-segment variance (Eq. 5) as a function of transect segment length (TSL). The diagond line

represents the expected ratio under the Poisson variance law.

An example

In order to test the above theory, a study of plant
cover was conducted at the Arid Lands Ecology
(ALE) Reserve, a shrub-steppe grassiand on the
U.S. Depatment of Energy’s Hanford Site in south
centrd Washington State. The most prominent spe-
cies are bluebunch wheatgrass (Agropyron spica-
turn), big sagebrush (Artemisia tridentata), and
cheatgrass (Bromus tectorum).

Cover for A. spicatum was measured along a
continuous NW-SE 2050-m line-intercept transect
(Mudler-Dombois and Ellenberg 1974), a an eeva
tion of about 370 m, roughly perpendicular to the
drainages from Rattlesnake Mountain, the domi-
nant topographic feature in the area. Points along
the transect where a measuring tape intercepted the
beginning and end of discrete bunches of A. spica-
turn were recorded. We chose A. spicatum because
it is the dominant plant species on the study ste and
grows in discrete bunches with well-defined solid
crown cover suitable for measurement with line-
intercept  methods.

To explore the influences of sampling unit size
and its dispersion on the spatia correlation and var-
iance of A. spicatum cover, we estimated percent
cover (th) for specified TSL =t and observation
(j) dong the 2050-m transect. TSLs from 1 to 256
m were considered.

For each combination of TSL and ISD, an esti-
mate of V(C,,) using Equation 5 was obtained by
selecting, from the 2050-m transect, 100 random
pars of segments for a specific TSL and separated
by a specific ISD, beginning at a randomly chosen
starting location. An average of six replicates of
this procedure is reported below. The choice of 100
for the number of pairs was arbitrary. The spatia
correlation was adso estimated for specific values of
TSL and ISD as in Equation 7.

Variance as functions of TSL and ISD
For A. spicatum, the observed variance ratio as a

function of T from Equation 4 departs from the ex-
pected 1:1 relationship for t = 10 m (Fig. 1). Be-
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Fig. 2. Variance in percent cover of Agropyron spicaum for (A)
short, (B) intermediate, and (C)long transect segment lengths as
a function of intersegment distance (ISD).

twen &4 ad 128 m, the dosaved vdus of Eoue
tion 4 depart markedly from the expected relation-
ship. This indicates tha the podtive covaiance for
A. spicatum, which begins to contribute to the
overdl variance in cover estimates at about 10 m,
is most apparent at a TSL greater than 128 m. Be-
yond 128 m, the ratio begins to decline, indicating
the increasing influence of the covariance compo-
nent of the variance estimate (Eq. 2) identified in
the conceptual model for patch dynamics.
Sample variance as a function of 1SD did not
show an increase for TSL's less than 10 m. For
shorter TSLs (Fig. 2A), the variances tended to
stabilize quickly (particularly for segment lengths
of 1 and 2 m), and did not display any marked up-
ward trend. Segments of intermediate length dis-

INTERCLASS CORRELATION
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Fig. 3. Decay of spatial correlation for Agropyron spicatum
cover as a function of inclusive distance. Inclusive distance in-
cludes the length of two separated transect segments and the dis-
tance between two segments (e, ISD).

payed noicedde vaiance increesss with  increesed
intersegment distance (Fig. 2B). Variances for the
longest segment lengths, 64, 128, and 256 m, had
the most consistent increases with increased inter-
symat dgace (Fg 20). Thus bdwenpda va-
iance did increase for intermediate and long seg-
mert lengths &8 a fundion of increessd digparsion.

Correlation as functions of TSL and ISD

For A. spicatum, the point for which p = 0 occurs
a ddanoss bewesn goproximatdy 400 and 700 m
(Fg. 3A-C) for the TSLs thet show the most con-
sistent decrease in sample correlation (i.e., 64, 128,
and 256 m). When the 16- and 32-m TSLs are in-
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Fig. 4. Spatial correlation for Agropyron spicatum cover as a function of transect segment length. Spatial correlations are estimated

atfag l,or ISD = 0.

cluded, the inclusive distance’ becomes 300 to 700
m. The distances indicated in Fig. 3A-C include
the lengths of the transect segments and the dis-
tance between the two transect segments, the ‘inclu-
sive distance.” Assuming that the decay of the au-
tocorrelation is the same in every direction from
any point on the landscape, the distance where p =
O isthe radius of aunit equa in size to the inherent
scale of the characteristic being measured. Thus,
the scde a which A. spicatum cover is expressed is
twice 400 to 700 m, or 800 to 1400 m. In redlity, the
shape of the basic scale unit on the landscape will
not be circular. Although the many factors that in-
fluence cover for A spicatum probably have scaes
that differ, collectively they yield a scale of approxi-
mately 800 to 1400 m.

Spatia correlation (at ISD = 0) for A. spicatum
cover did increase with increased segment length up
to approximately 64 m and then declined (Fig. 4),
suggesting that the minimum transect segment
length needed to estimate A. spicatum cover is ap-
proximately 64 m. As expected, this result is similar
to that obtained when examining the variance ratio

as a function of TSL (Fig. 1). Based on the concep-
tual model, measurement at this level of resolution
will result, on average, in a segment that includes
those habitat factors which combine to determine
cover for A. spicatum.

Discussion

Since a fundamenta principle of ecology is that
components of ecosystems are interrelated, the
magnitude (strength) and scale (areal extent) of
these interrelationships are inherent attributes by
which ecological processes can be characterized. In
addition, definition of the inherent scale at which a
process occurs may be used to identify this ap-
propriate scale of measurement -for additiona
study of the process. The desirability of determin-
ing this appropriate scale has been pointed out by
Rotenberry and Wierss (1980), who suggested that
incompleteness in the theory relating changes in
bird species diversity and habitat structure results
partially from an ¢, . . inability to measure hori-



Fig. 5. Schematic of conceptua] spatial model of scale for
Agropyron spicatum cover. Circles represent inherent units of
ecological scale. Any point on the landscape is the center of a
natural scale unit, and the distance from the center at which spa
tial correlation declines to zero indicates the bounds of the inher-
ent unit of scale. Numeric values are intraclass correlations for
various inclusive distances (see Fig. 3). The apparent scde for A.
spicatum cover is the result of other.overlapping, concurrent en-
vironmental components, which determine plant cover and have
inherent units of scde that may differ in size and shape.

zontal patch structure . .
xde. . .’

Svad resades have eqpoal the ue of e
tral analysis, which incorporates estimates of spa-
tia correlation, for defining pattern in vegetation
(Hill 1973; Usher 1975; Ripley 1978). However,
Usher (1975) indicated the insensitivity of spectral
analysis for defining large-scale heterogeneity of
vegetational pattern. Our approach for determin-
ing the scale at which A. spicatum cover was ex-
presed wes to identify the digance beween paints
on the landscape at which the spatial correlation in
cover declined to zero. Our approach for identify-
ing the minimum sampling unit size was to identify
the TSL at which the maximum spatial correlation
was attained.

Based on the conceptual model, the reduction of
spatial correlation to zero at inclusive distances of
approximately 400 to 700 m indicates the distance
a which ay two pants on the landscgpe no longer
share the same habitat conditions that influence
cover for A. spicatum. The readts d0 suggest tha

. on the proper spatial
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a 64-m transxt is the gopropride scde of mesare
met for pecent cover, while the decay of the &
tial correlation to zero within an inclusive distance
of 400 to 700 m sggedts the mod gopropriate dis
persion of the transect segments. Since environ-
matd processss influence plat cove, plat cover
itdf mug be charadteized by a mosac of ovelg
ping units (Fig. 5). The size of these units defines
the inherent scale for plant cover. Any two points
on the landscape that have a non-zero correlation,
according to the conceptual spatial model, are part
of the same scale unit.

Emington (1973) found thet the didance betwesn
sampling units (blocks) as well as the size of the
sampling units could have a marked effect on the
variance of estimates for vegetation parameters.
This approach, using the peaks in the variance for
particular block (i.e., sampling unit) sizes as an in-
dication of the scale of heterogeneity, has been
duded extedvdy (GrdgSmith 1961, Use 1969
Kershaw 1973; Errington 1973; Hill 1973).

In our dudy, the maximum eid corddion a-
tained suggested that the appropriate sampling unit
size was approximately 64 m. Further, the ap-
propriate dispersion of those units, to achieve in-
degpendence of dosavdions is & lesst 400 m. Othe
ecological processes would undoubtedly require
dffarent sampling unit 9zes ad digoadon. It may
be inappropriate to interpret the high spatia corre-
ldion in ocover among oontiguous transect segMmEnts
of 64 m as an indication that cover along one tran-
sect segment strongly influences cover along adja-
cant ssgments  Rather, the processss or fadors that
oolledivdy ddgemine plat cover probebly exedse
thar influence such tha the rexult of the processss
canopy cover of A. spicatum, exhibits high spatid
correlation when cover is measured along transect
segments. For plant cover, these factors could in-
clude edaphic and microclimatic factors. The in-
fluencing factors aso exhibit spatial correlation
just & the reponse to the fectors or processss does
Measured individually, these factors or processes
may exhibit spatial correlation at scales other than
that exhibited for plant cover. For example, aong
a 290m transsdt, Yeh et al. (1986) identfied a &
tial correlation in soil water pressure that declined
to close to zero at about 6 m.
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Fig. 6. Percent cover for Agropyron spicatum along 2050-m
line-intercept transect depicting influence of differing scales of
measurement.  6A. Percent cover for 25-m  transect Ssegments.
6B. Percent cover for 80-m transect segments.

Measurement of ecological processes at an ap-
propriate scale is analogous to viewing a television
sren. Viewing the stemn doddy enough to s in
dividua dots, or measuring on a small scale, may
reduce the ability to discern the image formed col-
lecivdy by the dots Corvaddy, viewing the soreen
from too gredt a dgance or messuing on too lage
a Lde may readt in a bured imege Messuramat
of A spicatum cover usng TSLs of 25 m (Hg. 6A)
viddad oove etimaes daadaized by somewha
ardic flududions over the 2060m ddance mess
ued When TSLs of 80 m wee usd (Fg 6B), thee
fluctuations were damped and the pattern of A.
spicatum cover over the same distance was clari-
fied.

We recognize thet it is necessry to detamine the
most appropriate measurement scales for different
processes or physical properties, e.g., different

scales of measurement may be necessary to study
the vaious proceses influendng A, spicatum in the
srubdepe hebitat. Also, more then a snge eo-
logical scale may exist, necessitating measurement
a svad levds of redution (Maguire 1935, Maur-
g 1985, Moaris 1937). In his dudes of avien com-
munity dynamics, Maurer (1985) recognizes the
usefulness of studying community responses at
more then one sde of obsavaion. Maurer (1985)
usd three sdes of messuramant, coreponding to
... the community, the avarege gedes in the com-
munity, and the avarage indvidud in the communi-
ty. Allen and Sar (1982) d emphesize the impor-
tance of viewing communities at different levels of

- resolution or scales of observation. However, they

maintain that scale is not an inherent property of
the object being measured, but a property of the
level of measurement. In contrast, Maguire (1985)
rfers to chaadeidic, digind scdes of patern in
the herbaceous strata in a hemlock-hardwood
forest.

It may nat dways be economicdly or logidicdly
feasible to measure the system of concern at the
most ecologically appropriate scale. For certain
ecological processes it may be possible to measure
on a small scale and then combine the small-scale
measurements to yield various scales, as we did
using line-intercept transects. This may also be
feasible using remote-sensing techniques. For ex-
ample, a high-resolution visble (HRV) system
aboard a recently launched French satellite pro-
vides 10-m resolution (Greegor 1986). In order to
define an appropriate level of measurement for
processs thet can be mesred with HRV, combi-
nations of the basic 10-m pixels may be formed.
Defining the sampling unit size and dispersion on
the beds of the ecdogicd sde & which the process
or characteristic is manifest can increase sampling
efficiency and clarify the nature of ecological phe-
nomena.
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