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ABSTRACT

The only thing that is certain and absolute about Nature is its patchiness. Patchiness is
ubiquitous, occurring across systems, organizational levels, and spatio-temporal scales.
Traditional modeling approaches in ecology often fail to recognize spatial patchiness because
they usually assume spatial homogeneity. A landscape may be viewed as a hierarchical mosaic
system of patches that are different in their age, size, shape, content and other aspects. The spa-
tial change of the patch mosaic results in the landscape pattern, whereas the phase change of in-
dividual patches at the local scale and temporal change in patch mosaics at larger scales give rise
to the landscape dynamics. Following such a patch dynamics conceptualization, a spatially ex-
plicit patch dynamic modeling approach has been developed based on a serpentine annual grass-
land. The model has two basic submodels: a spatially-explicit, age-/size- structured patch demo-
graphic model and a multi-specific plant population dynamic model of a non-equilibrium island
biogeographic type. In this paper, the basic structure and some computational aspects of the
model are discussed.

Key words: spatial modeling, patch dynamics, landscape modeling, patch maps, overlapping
circles, dispersal, plant population dynamics
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|. INTRODUCTION

Patchiness is ubiquitous in nature, occurring in both terrestrial and aquatic ecological sys-
tems across all spatio-temporal scales. The concept of patchiness emphasizes the spatial patterns
of physical and biological entities and their variations. With enormously increasing awareness of
and research emphasis on spatial heterogeneity, the study of patchiness and patch dynamics is
becoming a major them in both marine and terrestrial ecology (e.g., Levin, 1976, 1988, 1989,
1992; Wiens, 1976; Pickett and Thompson, 1978; Steele, 1978; Forman and Godron, 1981, 1986;
Pickett and White, 1985; Collins, 1989; Kotliar and Wiens, 1990; Collins and Glenn, 1991;
Kolasa and Pickett, 1991; Wu, 1992; Wu et a. 1990, 1993). Patch dynamics represents not only
afield of study, but a new emerging ecological paradigm as well. It represents a view that em-
phasizes spatial and temporal heterogeneity, non-equilibrium properties, hierarchical structure,
and scale-dependence of ecological systems. A great challenge for ecologists is to relate small-
scaled processes to large-scaled phenomena, or vice versa. Efforts have been made to develop
mathematical models that reflect the characteristics of patchiness of natural systems. Three
major types of patch models may be identified based on the degrees of their spatial explicity.

1. Non-Spatial Patch-Implicit Models (or Non-Spatial Patch Models)

They include mainly the so-called patch-occupancy models in which the state variables are
usually the proportions of patches occupied and unoccupied by a species populations or by dif-
ferent species (Levins, 1970; Gilpin and Hanski, 1991). These models deal with a large number
of patches and involve both single-species dynamics and multi-species interactions.
Mathematically, patch-occupancy models mostly take the analytical approach. The simplest
model of thistypeis of the form

dp
g =mp(l-p-ep 1)

wherep isthe proportion of patches occupied by the species and m and e are constants that are
related to the colonizing ability and extinction rate of the species, respectively.

2. Quasi-Spatial, Patch-Explicit Models (or Quasi-Spatial Patch Models)

They may be further broken into three subcategories: diffusion-reaction models, patch
demographic models, and gap models. Diffusion-reaction models usually have population densi-
ties as state variables and take into account such spatial aspects as patch size and interpatch dis-
tance indirectly (e.g., Levin, 1976; Okubo, 1980). A general formulation of these models is as
follows (as per Levin, 1976):

dy.u = 5
—L = fiUEYU, Xug + (net exchange with other patches) )

dt
+ (net exchange with matrix|

inwhich Y Uisthe vector (Y{4, Y )Y, ..., YY) of state variables for a given patch u, XY the vector

(X4, X4, ..., X Y) of parameters accounting for the same patch, and fU the specific functional
relationship. A simple example of the continuous model may bein a PDE form of

an(xt)

a[D an(xt)]
ot =nfn)+ —% —

IX2 €)
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wheren(x,t) isthe population density relative to the spatial position x, D isthe diffusion rate of
individuals of the population, and f(n) is the population growth rate (Hastings, 1990). The cor-
responding discrete model may be written as

dnj
& = Nif(n)+ 3 [dij (nj-ni)] (4)

j#i

where d i is the exchange rate of individuals between patch i and patch j and nj and nj are

population sizes in the two patches, respectively (Levin, 1974).
Patch demographic models explicitly consider the distributions of the age, size and other
characteristics of patches. The general formulation is given by Levin and Paine (1974):

ap dp 0

ot T g TaE@p) =-uta,g)p (5)
dg

d = 9t a,§) (6)

wherep(t, a, E) isthe probability density function which describes the frequency distribution of
patches of age t and sizeE at timet, u(t, a, &) isthe mean extinction rate of patches of age a
and size £ at timet (due to intrapatch succession), and g(t, o, &) is the mean growth rate of
patchesof age o and size € attimet (due to patch shrinkage or expansion). Population density
or other variables of interest may be coupled with the patch demographic model in the following
genera form (Levin 1976):

ni(t) :Ft){ [A) - ﬁ p(t,o,§) dads] of'(t) + OgE p(t,.§) @;(t,a,§) dad§ } (7)

where nj(t) is the overall population density over the landscape, cpj(t, a, E) is the expected
population density of speciesj within a patch of age aand size at timet, cpjo(t) is the population
density of the same species in the non-patch area, and A(t) is the total area of consideration at
timet.

Gap models include a large host of computer simulation models of forest dynamics (e.g.,
Botkin et al., 1972; Shugart and West, 1977). These models usually spatialy explicit only on the

vertical dlmenSIon the ssimulation pIot -- gap is explicitly considered, but not the entire model
area. A detailed and comprehensive review on these models can be found in Shugart (1984).

3. Spatially Explicit Patch Models (Spatial Patch Models)

Satial patch models are till in their early stage of development. Most of these models usu-
ally take a grid-based approach in which patches are considered as single grid cells or aggregates
of multiple cells within a regularly divided grid (e.g., the spatially explicit forest gap model by
Smith and Urban, 1988 and a grassland paralel by Coffin and Lauenroth, 1989). They do not
contain an explicit patch demographic submodel, so it is difficult or impossible to directly relate
biological properties of the system under study to the disturbance patch demogranphy. In addi-
tion, the raster approach becomes inadequate and unrealistic when overlapping among patches is
common and varying continously in space, which is often the case in nature.
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Based on the conceptualization of a landscape as a hierarchical system of patche mosaics
and the mathematical framework of the Levin-Paine model, | have developed a spatially explicit
patch dynamics modeling approach that has severa unique features. First of all, the approach
best fits the patch dynamics conceptualization of ecological systems while it transforms such a
gualitative conceptualization into a quantitative and predictive model. Second, in contrast with
existing modeling approaches this patch-based modeling approach treats patches as individual
objects changing continuously in real numbers in size and spatial location. Third, the approach
more realistically deals with complex overlaps in a mosaic of patches of different age and size.
Fourth, the model is primarily composed of two modules: a spatially explicit disturbance patch
demographic module and a spatially explicit, multispecific, patch-based population dynamic
module. Finally, the parallel formulation of the patch population model and species population
model enables a scrutiny of the dynamics and spatial pattern of both the gopher mound and plant
populations; this also makes the modeling framework suitable for studying a range of problems,
such as population dynamics in a fragmented environment where patches are habitats and plant-
parasite and plant-insect interactions where patches are individual plants.

[l. ECOLOGICAL SYSTEM USED FOR DEVELOPING THE SPATIAL
PATCH DYNAMICS MODELING APPROACH

The serpentine annual grassland within the Jasper Ridge Biological Preserve of Stanford
University in San Mateo County, Northern California has been used for developing and imple-
menting the spatially explicit patch dynamic modeling approach. The grassland is dominated by
a relatively high diversity of annual native forbs and perennial bunch grasses (Hobbs and
Mooney 1985, 1991). The activities of western pocket gophers account for a major component
of the disturbance regime within the serpentine grassland. By bringing excavated soil material
from underneath to the surface, these burrowing gophers periodically create approximately round
mounds of bare soil, ranging from 30 to 50 cm in diameter. The formation of gopher mounds is
concentrated in April and July, though gopher activities are found throughout the year. Field es-
timation indicates that as high as over 20% of the total area is turned over by gopher activity
each year (Hobbs and Mooney 1985, 1991). When new mounds are formed, the plants buried up
to 10 cm beneath are essentially killed and plant succession on these “microhabitat islands’ takes

place subsequently.
Physical Heterogeneity The basic model structure for the
et bl ) Jasper Ridge serpentine grassland is
ra diagmatically outlined in Fig. 1. The

gpatial patch dynamics model consists
’/ of two major submodels. a spatially ex-
plicit, age- and size-structured patch
demographic model and a multi-specific
plant population dynamic model of a

Patch Formation
Model

(gopher mounds)

Intrapatch
Succession Model

(multi-species population

e model Model Type non-equilibrium island biogeographic
Y dy )

""""" type. While the patch population model

Patch Recycling / <>jx'f|f;“t'y mimics the spatiotempora changes of

Model simulation gopher mounds, the plant population

model

(e.g., disturbance on
unrecovered mounds)

model simulates the dynamics of
vegetation pattern by keeping track of
the growth and reproductive processes
of species populations in each and every
gopher mound in the landscape. In the
following sections, | shall focus on some computational aspects of the model.

Fig. 1. Components of the spatial patch dynamics model.
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[11. GENERATION OF PATCH M OSAICS

Field observations show that new gopher mounds are usually positively correlated to those
formed in the previous years in their spatial locations. This spatial correlation may be related to
the behavioral characteristics of the gophers. Positive spatial autocorrelation may be introduced
by assigning conditional probability to new patches according to the distance to patches pro-
duced in the previous year. Two methods may be used to generate clumped patterns: patch prob-
ability method and patch influence index method.

1. Patch Probability Method

This method assumes that the probability for an existing patch to have a new patch the next
year in its neighborhood decreases exponentially with distance. Because of food shortage and
other factors, the patch formation probability may be negligibly small within certain distance to
the parental patch. In addition, the probability is assumed equal in all directions around the
patch. Therefore, we have

i,cpp(l—p)zo I-p< I—min

I A (Lo-L) ®)
Tcpp(Lp):}\'pe e I-p3 I-min

where @, is the patch-formation probability at a point, Lp is the distance of the point from the

center of the parental patch, Lmin is the distance within which the probability is zero, and *p is
the exponential decay coefficient that determines how fast this probability drops with distance.
This method creates a positive spatial autocorrelation among patches generated.

As the initial condition, patches are generated with their centers randomly distributed and
the total number of patches is recorded. During the next simulation time step, the following
steps are implemented sequentially when a new patch is generated: (1) choose a last year’s patch
randomly, (2) calculate a distance value for arandomly chosen ¢, according to the distance-de-

pendent probability density function of patch formation, (3) determine an angle between 0 and
2p randomly, (4) determine the X, y coordinates for the point based on the angle and the distance
to the center of the parental patch, (5) dismissthe seed if x and/or y is out of bounds set by the
model (absorbing boundary), and (6) return to step (1) if the new patch would overlap too much
with any existing patch. The above steps are repeated until all patches have been generated for
the time step.

By changing the value of A, we can produce patch maps with different degrees of ag-

gregation, exploring theoretically the consequences of clumping, or ssmulating the spatial pattern
of disturbance patches as deduced from agerial photos or other remotely sensed images.

2. Patch Influence Index Method

This method is based on a modeling scheme for generating clumped point patterns used by
Nuernberger (1991). Based on the field observation that new gopher mounds seem positively
correlated to those formed in the past year in their spatial locations, the influence for a patch of
this year on having a new patch in next year in its vicinity is assumed to decrease exponentially
with the distance away fromit. Thisisformally expressed as:

Y(D)=¢e" (9)
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where 1 (D) is the influence function, D is the distance away from the center of the existing
patch, and y is the exponential decay coefficient which determines the rate of decrease in the
tendency.

For a given point in the landscape, the mean cumulative influence index is calculated from
the following equation:

1 g ¢ VDpi
Y(P)=pae (10)

k=1

where M is the total number of last year's patches, and Dp is the distance between the point

P(x,y) and the center of an existing patch k. So, Y (P) isan indicator of the average crowdness
relative to point P in the landscape. To generate a clumped pattern of patch centers, Y (P) is
used as the probability for a randomly chosen point P(x,y) to be a candidate for the center of a
new patch. However, in order for this new patch to be actually formed all other requirements for
patch formation (e.g., age-related overlapping constraints) must be also satisfied. The initial
condition for starting the pattern generation is set by determining the centers of patches through
drawing uniform pseudo-random numbers for x-y pairs.

A lognormal distribution for the size of new patches at birth is used in the model, with the
minimum and maximum sizes being 10 and 50 cm in diameter, respectively. Although they are
circular when formed, patches after birth may be very different in both shape and size from their
original because they may have been overlapped by other patches occurring subsequently.
Therefore, to update the patch sizes it is necessary to develop an efficient algorithm capable of
taking into account the complex and changing shapes of existing patches.

Two major categories of patches are distinguished: obsolete patches and effective patches.
Obsolete patches refer to patches that are older than the maximum patch age and essentially rep-
resent the non-patch (undisturbed) areas. The maximum patch age is mainly an indicator of
change in soil conditions of the gopher mounds and may be affected by the vegetation dynamics
in the patches through biological feedback, but the current version of the model does not address
this possibility. Effective patches are those whose age is smaller than the maximum patch age.
The model assumes that the age of a patch correlates with the soil conditions of the patch, which
significantly affect plant demographic parameters. Also, patches of different ages have different
maximum overlapping areas with a new patch.

The overlap of a new gopher mound with an existing mound is likely to increase with the
age of the existing mound. Part of the reason for this may have to do with the scarcity in food
supply on new mounds, besides the animal’ s behavioral idiosyncrasy. As afirst approximation,
alogistic equation may be used to describe such a relationship. | define the maximum overlap
ratio (OLR ., (7)) asthe fraction of area of the new patch that overlaps an existing patch (i.e., the

overlap divided by the area of the new patch). Then the relation between the maximum overlap
ratio between a new patch and another patch of any age may be expressed as

1
1+ (5ig - De

OLR, . (7) = —75 T=L12 .., 8 (11)

where OLR,_ (7) is the overlap ratio, OLR; is the overlap ratio when the age of the existing
patch is one (which is the minimum overlap), t is the age (in years) of the existing patch en-
countered by the new patch, and vy is a coefficient adjusting the rate of increase in the overlap ra-
tio with patch age. Therefore, each time a new patch is generated during the simulation, its
overlap with any existing patch of aget in the landscape is checked, so that the actual overlap
ratio is equal to or smaller than OLR (t). Conceivably, this overlapping constraint exerts
some degree of negative spatia autocorrelation in the patch formation.
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V. CALCULATION OF PATCH OVERLAPS

The spatial patch dynamics modeling approach entails the calculation of the effective size
of each and every patch in the landscape at each simulation itme step. The effective size of a
patch in amosaic of overlapping patches of different age and size is defined asits remaining area
that is not covered by any younger patches. To compute the effective size of a patch, it is neces-
sary to know the number of other patches that overlap and are overlapped by the patch and the
gpatial and age relationships among all of them. The portions of the patch in consideration
overlapped by other patches should be appropriately subtracted at each simulation time step from
its original patch size. To do that, one has to be able to calculate the overlapping area anong a
varying number of patches of different size and age.

Let A and A be the effective size and the original size of patch i at its birth, respectively.
When only two patches are involved (see Fig. 2A,B), the effective patch sizes can be readily cal-
culated as follows.

(). When Aﬂ A, = ¢ (i.e, the overlap between the two patches is zero), the effective size
of each patch isidentical to its original:
TA =
(A (12)
A=A,
(i). When Al A, or A E A,, the overlap is equal to the size of the smaller patch (either
A or A). The effective area of each patch can be obtained from:

TA =A (when patchi is younger) (13
i ; .
T A =AﬂA, (otherwise)

ij=12andi?j.

where A" isthe complement of set A .

(iii). When AE A and A()A t ¢ (i,j=1,2andi? j), the overlapping area can be ana-
lytically computed from the following formulas:

(& when BPOQ =a, £t and BPO,Q =a, <= (Fig. 2A):
_ 1 2 2
Aaverlap_ _Z(rla‘l o, - Cd) (14)

(b) when BPOQ =a, > and BPO,Q =a, <z (Fig. 2B):

1 1 C c.,0
onerlap: r.12317 - E(rlzal - r§a2)+50§/rf - (_2)2 - \/rg - (_Z)Zg (15)

with

¢ =,/2r3(1- cosa,) (16)
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£ 1 Q

o, = 2arccoss—— (d +r7 - r2)* (17)
r, @
X1 0
= 2arccos$ d?+r2-rH)* 18
a, &2ar, ( 2 l)ﬂ (18)

where A, IS the overlap area, r; and r, are the radii of the two patches, d is the distance be-
tween the two centers, o, and a,, arethe central angles of the two patches, and c is the chord for
the overlapped area (see Fig. 2A,B).

(A) (B)

P

Q
PPOQ=a,£n DPOQ=a,<m PPOQ=0a,>n BPPOQ=0,<=n

SN
A=Ak Ua”

€j=1j1i @

Fig. 2. lllustration of mosaics of overlapping patches. Patches are circular in shape and vary in size and age and
different shading patterns represent different ages of the patches. The effective sizes of patches can be calculated
analytically when only two of them are involved (A and B), but they have to be computed using a Monte Carlo

simulation method when more patches are involved (C). A isthe effective size of patch i, A isthe birth-time size

of patchi, Af is the complement of set Aj , and m is the number of patches that are younger than patchi.

When the number of patches involved islarger than two, an analytical solution for overlap-
ping areas among them becomes extremely difficult, if possible (see Fig. 2C). A Monte Carlo
simulation method, however, can be used to estimate the overlaps among any number of patches.
We have developed a computer algorithm which updates the effective sizes of patches at each
time step. For each patch whose size is changed by formation of a new patch, the algorithm first
identifies all the patches overlapping and overlapped by it, then delineates a rectangle enclosing
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only the patches relevant to the area calculation of the patch, and finally compute the effective
size of the patch through a Monte Carlo integration. The effective size of a patch in an age-
structured patch mosaic can be expressed in terms of set algebra as follows:

A = Aﬂc UA]- =Aﬂ@ A2 (19)

€j=1j2i @ €j=1j:i @

where A and A are the effective size and the birth-time size of patch i, respectively, Af isthe
complement of set A, and m is the number of patches younger than patch i (see Fig. 2C).

Equation (19) provides an understanding of the relationship among an existing patch and
al other patches that overlap it with regard to its effective size. But, it does not directly render a
computer-implementable algorithm. To develop an efficient computer algorithm for updating
the effective sizes of all individual patches involved after each disturbance in the landscape is,
however, no trivial matter both technically and ecologically. | have developed a “second-order
overlapping moving window” agorithm which is rather accurate and efficient. The basic idea
goes as follows. After each new patch is generated, all patches directly touched by this new
patch are identified with information on their spatial locations, original sizes, ages, and
sequential patch ID numbers. Afterwards, a rectangular window is selected in such away that it
contains all the patches that directly overlap the patch under adjustment and all others that over-
lap them (the second-order overlapping patches). Then, effective sizes for the patches affected
by the new disturbance are calculated through a Mente Carlo integration within the restricted re-
gion.

V. PATCH-BASED PLANT POPULATION DYNAMIC MODEL

The multiple-specific plant population dynamic model is patch-based. Plant demographic
processes including germination, survival and seed reproduction as affected by microhabitat
conditions (represented by different patch age classes) are taken into account. Within patches,
both intraspecific and interspecific competition are considered as they influence the seed produc-
tion through density-dependent mechanisms. Among patches, local plant populations interact
with each other through seed dispersal, resulting in the dynamics of species metapopulations at
the landscape level. The patch-based population model takes the following form:

Nits#1 = (Nitfit+ lit-Dit) A1/ A) Gi'S (20)

whereN; 41 and N; ¢ are the population size (number of plant adults) for speciesi at timet+1
and t, respectively, f; isthe fecundity function, I; ; isthe number of seeds received by the patch,
Dit is the number of seeds dispersed out of the patch, g; is the germination rate, sj is the
seedling survivorship of speciesi, and Ay, and A; arethe patch sizeat timet+1 andt, respec-
tively (Ar+1 £ Ar). Theratio of patch size, Ai,1/A;, adjusts the population size in a patch if the

size of the patch changes, assuming as a first approximation that the reduction in patch size pro-
portionally decreases the plant population size in that patch.

Plant fecundity is modeled as a density-dependent variable on the individual patch level as
follows:

q
f —RMPAMPf,(H)91+oc (a B, J)— (21)



CTC93TR Jianguo Wu: Spatial Patch Dynamics Landscape Modeling Approach 10

where f* is the fecundity of species i without neighbors, RMP, is the rainfall multiplier which
reflects the effect of annual precipitation variation on the fecundity of species i (set to 1 for
simulations discussed in this paper), AMP, isthe gopher mound recovery multiplier, H denotes
the different microhabitat types, o, and q; are species-specific constants, jj is the interspecific
interference coefficient, m isthe number of species modeled, and n; is the population density of
plant speciesj in the patch.

The maximum fecundity for each species differs between effective patches (gopher
mounds) and obsolete patches (non-mound areas), and also changes with patch age. The con-
stant o, has the dimension of [area per plant] and, thus, /o, may be conceived as a measure of
the critical population density, nqj;, a which fecundity becomes appreciably reduced by crowd-
ing effects. In particular, we assume o to be directly proportional to 1/nq;. The values of nyij;
for different species are based on Hobbs and Hobbs (1987). All the aforementioned density-de-
pendence relationships can be evaluated by regression against field data, and the best fit parame-

ters can be, therefore, determined (e.g., Pacala and Silander 1985, 1990).
The competition coefficients pj; essentially define the equivalence among the species in

the same community. In the Jasper Ridge serpentine grassland community, dominated by rela-
tively short annuals forbs, soil resources are most likely to be the main limiting factors for plant
growth and reproduction. A first approximation is to estimate the interspecific competition coef-
ficients based on the above-ground biomass of the adult plants of the species. For simplicity and
also limited by data availability, we calculate jj - as the ratios of above-ground biomass between

two competing species, i.e.:

Bij = o (22)

==

where a,, is a scaling constant, and W; and W are the above-ground biomass for the adult
plants of speciesi andj.

Germination rate, survivorship and fecundity of plants are different on gopher mounds of
different age, and survivorship and fecundity for species modeled are, in general, considerably
higher on gopher mounds than undisturbed areas due to increased resource availability and/or re-
duced competition on the former (Hobbs and Mooney 1985). The recovery of soil physical con-
ditions may take place rather rapidly at first after disturbance and then slow down when the pre-
disturbance state is approached. A negative exponential decay model is used to account for the
change in plant demographic parameters due to soil properties of gopher mounds (Fig. 3):

Lol nve)- ) @
or
Yo(0) =Y, +(Ye- Y, )e " (24)

where t isthe patch age, Y;(t) isthe value of a plant demographic parameter (i.e., germination

rate, survivorship or fecundity) in a gopher mound of age of t, Y isthe value of a plant demo-
graphic parameter in a newly formed gopher mound, Y, isthe value in an undisturbed area, and
h is a constant which determines the pace of the exponential decay. All the above parameters are
species specific.

Let AMP = Y,(t) / Y and cdll thisratio the patch age multiplier:
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AMP =Y () /Y, (25)

Y, Y
AMP = Y— +(1- ?&‘)e’ ne-D (26)
G

G

AMP is equal to 1 when patch age is 1 and asymptotically approaches Yu/Y; when patch age
gets larger. Of course, AMP is also species specific. For computational convenience, we set
AMP to Yu/Y:3 when patch age is larger than t, which is the empirically estimated, maximum
time for the difference in soil characteristics between the different microhabitats to disappear.

AMP To estimate h, we
Y, assume that it takes t, years
1y AMP—— +(1- v )e ned for Y4(t) to decrease to a

fraction 15 of the
predisturbance level. That

A is,whent=1t,
Yo
T
Patch age
Fig. 3. Relationship between patch age and plant demographic Ys(T) = (27)
parameters. AMP isthe patch age multiplier, T isthe patch age, Y

Y; isthe value of a plant demographic parameter (i.e., germina-

tion rate, survivorship or fecundity) in a newly formed gopher

mound, Y, isthe valuein an undisturbed area (obsolete patch). Then, according to equation

(24), we have

_1 YooY,
e ooy, (9)

V1. SEED DISPERSAL IN A MOSAIC OF PATCHES

In a homogeneous environment, dispersing seeds among patches would be essentially the
same as dispersing seedlings after multiplying a universal germination rate to the total number of
seeds produced in any source patch. However, this is not the case for the dispersal of seeds and
other propagules if the landscape under study is composed of a number of patches with differen-
tial germination rates. Because dispersing all the seeds one by one in a spatially explicit fashion
may become formidably time-consuming in a simulation model if the number of seedsis consid-
erably large, an agorithm analogous to that in homogeneous environment would make the ex-
picit smulation of dispersal much more efficient and effective.

A phenomenological exponential model is used to determine the distance related probabil-
ity of seed dispersal:

p(L)=2re"" (29)

where (L) isthe dispersal probability density function, L is the distance between the centers of
a donor patch and the recipient patch, (L) isthe probability of a seed falling at the distance L,
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and )\ isthe exponential decay constant, which is a measure of the dispersability of the seedsin
a specific set of field conditions (see Okubo and Levin 1989). Both ¢(L) and A have the di-
mension [1/L]. Thereciprocal of A isthe characteristic length of the negative exponential func-
tion which is, in the case of dispersal, the mean dispersal distance for the species under consid-
eration. Inthis simple case, the probability density function can be easily integrated to obtain the
cumulative probability function,

F(L)=gp(L)dL

(30)
=1-e™
which approaches unity when L approaches infinity.
If the probability for a seed to fall within adistance of L, is w, then
w=1-¢e"™ (31)
Thus,
A =- iIn(l- ) (32
L,

The probability w may then be estimated from the proportion of seeds dispersed within the dis-
tance L. Therefore, the value of A can be calculated for any given pair of  and L,. The prob-
ability density functions for two species modeled are illustrated in Fig. 4.

0.12

Each patch in the landscape may be

0.1-] Bromus mollis both a source and recipient in terms of
,,,,,,,,,,,,,,,, Lasthenia californica dlSpersal We assume that seeds are

0.08 -} randomly distributed within a patch and

2 1 that they disperse in equal probabilities in
g 2% al directions. Dispersal stochasticity at
£ oad\ the individua level may result in

significant consequences for local patch
populations with a smal number of
individuals. To retain this stochasticity it

— T is necessary to disperse seeds individually
0 10 20 30 40 50 60 70 8 90 100 which greatly increases the computational
demand. For each seed to be dispersed,
dispersal angle, seed travel distance,
Fig. 4. Probability density function for seed dispersal landing point, and target patch all have to
with respect to distance. be calculated or determined (Fig. 5).

0.02 |

0

Distance (cm)
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Fig. 5. lllustration of the relation between dispersal angle Q and dispersal distance L and the way they are
dtermined in the Cartesian system used in the model.

The following algorithm is used to alleviate this problem. We define plant recuitment rate
for speciesi as the product of its germination rate and survivorship (i.e., rj = ¢ S; ). Two sepa-

rate sets of Bernoulli trials are conducted with each seed to be dispersed. The first uses the max-
imum recruitment rate (I'max: " max = Gmax Smax) @S the probability of a dispersal event, and re-

duces the total number of seeds to be dispersed to the number of adult plants that come from
these seeds. The second takes the ratio of the actual rate of recruitment (ry, ) in patch type p to

the maximum rate as the dispersal probability, and this makes an adjustment on the number of
adults according to the particular microhabitat. As a result, the number of seeds actually dis-
persed is reduced to the product of r 4, and the total number of seeds to be dispersed. The ap-

proach isillustrated in Fig. 6.

VIl. SMULATION SCHEME

The spatially explicit patch dynamic model of the Jasper Ridge serpentine grassland has
been implemented in C. Fig. 7 depicts the scheme to relate local patch dynamics to landscape
level phenomena in this model. A flow chart of the model is shown in Fig. 8, which outlines
how the spatial patch dynamic model is constructed and how its different model components are
connected. The mode may be run without invoking the plant population dynamic module, which
would only simulate the spatiotemporal dynamics of the age- and size-structured gopher mound
population. When both disturbance patch and plant population modules are in operation, the
model assumes the following simulation scheme.
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Fig. 6. An illustration for the
dispersal agorithm involving two
sets of Bernoulli trials.  The first
reduces the total humber of seeds to
be dispersed eventualy to the
* number of adult plants out of these

seeds; second adjusts the number of
adults to the particular microhabitat.
The algorithm minimizes the

-— o000

Take a seed

Will it survive

WithT e cor_nputational _tir_ne for di_spersal
max ¢ while retaining dispersa
stochasticity at the individual level.
Disperseit
First of al, the model
Kill it off + landscape, represented by a
two-dimensional array of bi-

A

[

directional linked lists, is
initialized and input data are
read in. A simulation may
either start with generating the
first patch in a landscape that

Will it survive
with I’p/ ' max ?

*Yes

Increment the number
of adults by one

has previously had no patch,
or start with a landscape al-
ready covered entirely by
various obsolete and effective
patches. This landscape

Any seeds left

< Initialization -- blanketing the

i ? . .
{0 be dispersed model system with a variety of
No patches, is accomplished in the
* first four time steps in the
simulation as follows.
[ ] .
o To cover the entire

landscape with patches before
staring the plant population dynamics module, four layers of circular patches are overlaid on
another in separate time steps. The patches in the first three layers of the initial blanket are
identical, whose diameters are equal to the length of the reference window. The first layer
includes (R x C) identical patches where R and C are the numbers of rows and columns of the
windows in the reference grid. The centers of these patches are the same as the geometric
centers of the reference window. The second layer is composed of (R-1)(C-1) patches whose
centers are the intersection points along the reference window boundaries. The third layer
consists of [2(R-1)+2(C-1)] patches which are arranged along the four edges of the reference
grid. Only for smaller identical patches at the corners make up the fourth layer, whose diameters
are one fourth of the reference window length. For a reference grid with 5 x 5 windows, the
initial blanket isillustrated in Fig. 9.

Except for initialization, the annual disturbance rate is determined from a probability func-
tion at each time step, and the type (April or July mound), spatial location (Cartesian coordinates
of the center) and size of a prospective patch are then determined (see previous section). If the
overlap between this patch-to-be and any other existing patch is consistent with the maximum
overlap ratio requirement, it then becomes a new patch and the sizes of al other patches over-
lapped by it are consequently adjusted. This patch formation processis repeated until the annual
disturbance rate is met.
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Fig. 7. A conceptual scaling framework of the spatical patch dynamics model
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FIG. 8. Flow chart of the spatial patch dynamic model.
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Fig. 9. Initia “patchy blanket” when the landscape
has 25 (5 by 5) reference windows, which are used for
computational convenience.

The plant population module begins
with the initidization of al, but newly
formed, patch units (including obsolete
ones) in the landscape with population
abundance of species modeled. The initid
number of plant adults in each patch is
randomly chosen between 0 and the
maximum observed in the field for each
species (Hobbs and Hobbs 1987). The same
sequence  of germination, growth,
reproduction and dispersal is then repeated
once again at each time step. If an existing
patch is overlapped by a newly formed one,
its plant population abundance is adjusted
based on the remaining area. At each
gpecified time step, the simulation model
provides a set of statistics of the disturbance patch population and plant populations, including
the total number and size of different types of patches, the current size and spatial location of
each individual patch, plant population density in each existing patch, and metapopulation
density at the landscape level for each species. The final outputs include both numerical and
graphical forms. “Bull’s eye” maps are generated to depict the spatial distributions of gopher
mounds and plant populations. In addition, the patch-based information can be rasterized at the
end of simulation for data visualization and analysis.

VIIl. DISCUSSION

Patch dynamics as a conceptual framework has increasingly been used in ecology and pro-
vided numerous insights into problems of species evolution and adaptation, population dynamics
and persistence, community structure and stability, and landscape dynamics since the early
1970's. Field studies have demonstrated that many natural communities can be viewed as mo-
saics of various patches. While patches of different types often occur on distinct spatia and
temporal scales, there are scales on which patches are fundamenta to the ecological system.
Efforts have been made to apply the patch dynamics conceptualization to development of math-
ematical models of vegetation dynamics since the work by Levin and Paine (1974). Yet, so far
most of these models have been quasi-spatial or spatial on a regular grid. Here | present a spa-
tially explicit patch dynamics modeling approach that is based on the natural spatial unit -- patch.
Such an approach is capable of simulating the spatiotemporal dynamics of both an age- and size-
structured disturbance patch population and patch-based plant populations, taking into account
complexity in disturbance patch distribution and overlapping. While the approach may be com-
putationally demanding, rapid development in today’ s computing technology has made this pos-
sible and practical.
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