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Abstract

Parallelization of a landscape �sh population model (ALFISH) is an
important e�ort towards high performance Across Tropic Level System
Simulation (ATLSS) on a computing grid. ALFISH models the impacts
of di�eren t water management strategies in the South Florida region on
the fresh water �sh population, providing estimates of the food resource
available to wading birds. The parallel ALFISH model delivers similar
results as those from a sequential implementation. Compared with the
averagesimulation time of the sequential model, which is about 35 hours,
the speedimprovement of the parallel model on a symmetric multi proces-
sor (SMP) is substantial. Using 14 processors,the runtime of the parallel
model with static partitioning is lessthan 4 hours, and that of the parallel
model with dynamic load-balancing is less than 3 hours.

1 In tro duction

The landscape of South Florida is a complex environment that has been sub-
jected for decadesto extensive modi�cations through alterations of the natural
hydrologic 
o ws in the region. Disruptions in the natural 
o ws have been the
catalyst for profound changesin the vegetation and animal life in the region.
Attempts are now being made to repair the devastating e�ects of thesechanges
in water 
o w on the ecosystemof the South Florida region [1]. The e�ects of
thesecorrectionsare modeledto analyzealternativ e detailed management plans
and assistin the planning process.The most e�ectiv e way to evaluate the e�ects
of this complex environment is through computer modeling [2, 3]. The Across
Trophic Level System Simulation (ATLSS), a family of linked models, was de-
veloped to addressthis regional environmental problem including components
spanning a wide variety of spatial, temporal and organismal scales.
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1.1 ATLSS Mo del Overview

ATLSS is a multiscale ecologicalmultimo del designedto assessthe e�ects on
key biota of alternativ e water management plans for the regulation of water

o w acrossthe Evergladeslandscape. Models included are spatially-explicit, ac-
counting for heterogeneity acrossthe landscape. ATLSS is illustrated schemat-
ically in Fig. 1.1. ALFISH is an Intermediate Trophic Level Functional Groups

Figure 1: Schematic of the Across Trophic Level System Simulation (ATLSS)
approach for modeling the ecosystemof South Florida.

model which includes two main subgroups(small planktiv orous �sh and large
piscivirous �sh), structured by size. Arrows represent the direction of e�ects
from abiotic forces and lower and intermediate trophic levels to the higher
trophic levels. Feedback e�ects of higher trophic levels on lower and inter-
mediate levels are also considered. This paper is particularly focused on the
enhancement of one of thesemodels, i.e, the �sh component. The �sh model is
an important contribution to the higher-level landscape model, sinceit provides
a food base for several wading bird models [4]. An objective of the ALFISH
model is to compare,in a spatially explicit manner, the relative e�ects of alter-
native hydrologic scenarioson fresh-water �sh densities acrossSouth Florida.
Another objective is to provide a measureof dynamic, spatially-explicit food
resourcesavailable to wading birds.

The ALFISH model has beendeveloped in part to integrate with two wad-
ing bird models, a proxy individual-based wading bird (WB) model [5] and
a Spatially-Explicit SpeciesIndex (SESI) wading bird model [4]. Due to the
multi-scale natural of the ATLSS models, this integration proposedchallenges
to modelers. For example, in the WB model, the timestep is set as 15 minutes
in order to capture the basic behaviors of wading birds. In the ALFISH model,
the timestep is 5 days. In order to compare the relative potential for breeding
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and/or foraging acrossthe landscape without tracking in detail the population
dynamics or behavior of individual wading bird, the results of SESI wading
bird are represented yearly. A major concern associated with integrating AL-
FISH into ATLSS architecture using computing grid has beenits runtime. The
averageruntime is 35 hours on a 400MHz (Ultra Sparc I I-based) Sun Enter-
prise 4500for a typical 31-year simulation. One objective of this parallelization
is to speedup the ALFISH execution for its practical use within ATLSS by
allowing real-time data generation and information sharing between multiple
ATLSS models. With practical speedupwe can also begin to make available a
broadening parameter �eld for scenario runs and increaseremote accessibility
for natural resourcemanagersat various South Florida agencies,through web
interfaced grid computing [6] in a manageabletime frame.

1.2 Notation

In the following sections,m denotesmetersand Ci;j is usedto refer to a grid cell
containing information about an area that is 500m by 500 m. The subscripts
i and j indicate the location of the grid cell on a landscape map. Similarly
Ci is used to refer to a row of grid cells in the landscape map. For the two-
layer communication model used in the parallel model, Pi is used to represent
processorID number, and P0 always refers to the master processorwhich is
usedto collect data from other processorsand to control the output operations.

1.3 Computational Environmen t

The computational platform used in this research was a Sun Enterprise 4500,
con�gured with 14 400MHz Sun Ultra Sparc I I processors,10 GB memory
and 3GB/s interconnections. This symmetric multipro cessors(SMP) is one of
the main grid clusters comprising the ScalableIntercampus Research Grid (or
SInRG)[7] at the University of Tennessee,Knoxville. An implementation of
the MPI standard library[8 ], LAM-MPI, was selectedto support the message-
passingcommunication in the parallel ALFISH model.

2 ALFISH Mo del

2.1 Mo del Structure

The study area for ALFISH modeling contains 26 regionsas determined by the
South Florida Water Management Model[9, 10]. A completelist of theseregions
is provided in Fig. 2. The total areaof Evergladesmodeled in ALFISH contains
approximately 111,000landscape cells, with each cell 500m on a side. Each
landscape cell has two basic types of area: marsh and pond. The di�erence
betweenmarsh and pond areasis that the latter always is consideredwet (con-
tains standing water) regardlessof any available water data. In the marsh area
of each cell, there is a distribution of elevations basedupon a hypsograph [4].
This hypsographis usedto determine the fraction of the marsh area that is still
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Figure 2: Subregionsusedby the ALFISH model

under water at a given water depth. A pond refers to permanently wet areas
of small size, such as alligator holes,which are a maximum of 50 m2 or 0.02%
of the cell. The �sh population simulated by ALFISH is size-structured and is
divided into two functional groups: small and large �shes. Both of thesegroups
appear in each of the marsh and pond areas. Each functional group in each
area is further divided into several �sh categoriesaccording to age, referred to
asageClass, and each ageclasshas6 sizeclasses,referred to assizeClass. The
�sh population in each cell is summarized by the total �sh density (biomass)
within that cell. Each cell, as an element of the landscape matrices, contains
an array of 
oating-p oint numbers representing individual �sh density of var-
ious age classes. The length of the array corresponds to the number of age
classesfor that functional group. Normally, when a �sh density is referenced,
the value re
ects the total �sh densities of all the �sh age classescombined.
Fig. 3 shows the simple ageand sizecategorization of the �sh functional groups
in four landscape matrices.

In ALFISH, spatial and temporal 
uctuations in �sh populations are driven
by a number of factors, especially the water level. Fluctuations in water depth,
which a�ect all aspects of the trophic structure in the Evergladesarea, are
provided through an input hydrology data �le for each timestep throughout the
execution of the model. Another landscape matrix, region area matrix , is used
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Figure 3: Simple �sh functional group categorization

to determine which areasare included in the current simulation. The element
of this region area matrix has a boolean value, specifying whether the element
is included or not.

2.2 Fish Dynamics

The basic behaviors of �sh simulated in the model include density-independent
�sh movement, di�usive �sh movement, mortality, growth and reproduction.
The generaldata 
o w of ALFISH is shown in Fig. 4.

Figure 4: Flowchart diagram for the ALFISH model
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2.2.1 Densit y-Indep enden t Fish Mo vement

This function is designedto simulate the movement of �sh between the marsh
and the pond areas(if the cell hasa pond area), and to neighboring cells,caused
by drying out and re
o oding. First, the water depth required by each sizeclass,
depthSiz e(s), in order for that size class to survive is calculated by (seeGa�
[4])

length(s) = � 1[1:0 � exp(5� 2[s + 1] � � 3)]; (1)

depthSiz e(s) =
� 1 � length(s)
� 2 + length(s)

; (2)

s = ageClass � 6 + sizeClass � 1; (3)

where s is the size class, � 1, � 2, � 1, and � 2 are constants, empirically de-
prived from �eld data. Then the model calculates the largest size, referred to
as maxSiz e, of �sh that can survive in the new water depth and compares
this value to the old value from the previous timestep. The value of maxSiz e
dependson both the ageclassesand sizeclasses.Speci�cally ,

maxSiz e = max
water ( i;j ) �
depthS iz e(s)

(s); (4)

wherewater(i; j ) is the water depth of cell Ci;j , s is sizeclass,and depthSiz e(s)
is the water depth derived from Eq. (2). At the current timestep, if the water
depth of the cell has increased, and the cell has pond area, an appropriate
fraction of �sh (of sizespreviously too large) is moved from the pond areasinto
the marsh area. If the cell water hasdecreased,some�sh will not survive in that
cell. In this case,an appropriate fraction of those �sh are moved from marsh
area into the pond area, another fraction of those �sh are moved to adjacent
cells, and the remaining portion of those �sh are eliminated.

Figure 5: Calculation of �sh movements from the center cell and the top-left
cell. Left: density-independent �sh movement. Right: di�usiv e �sh movement.
Circular regions refer to pond area. The shading of cells represents di�eren t
water depths and arrows represent the movements of �sh
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The left plot of Fig. 5 illustrates the density-independent �sh movement of
three di�eren t �sh classes(small/medium/large), that is s = 3, instead of the
several dozen size classesde�ned by Eq. (3) in ALFISH. The shade of each
cell represents water depth. White indicates no water in the marsh areas of
the cell. Light/medium/dark gray indicates that the water depth in the cell
is suitable for small/medium/large size �sh to survive. Small circular regions
represent pond areas. For the purpose of demonstration, let us assumethat,
small, medium and large size �sh exist in the central cell Ci;j . At the present
timestep, water depth decreasesto the medium gray level, so a fraction of the
large size �sh in this cell should move to pond area within the cell. Another
fraction of the large �sh move to the adjacent heavy gray cell, Ci � 1;j where
water depth is suitable for the large size�sh to survive. Thin arrows in the left
plot of Fig. 5 represent thesemovements. All remaining large �sh in the central
cell die at this timestep. Sincethe water depth in the central cell is still suitable
for the small and medium size �sh, those �sh will remain. Note that this kind
of movement is �sh-density independent. Similarly, we assumethat small and
medium size �sh exist in top-left cell, Ci � 1;j � 1. At the present timestep, the
water depth drops so that only the small size �sh can survive, the medium size
�sh must move to either cell Ci � 1;j or Ci;j . Bold arrows, in the left plot of
Fig. 5, represent thesemovements.

2.2.2 Di�usiv e Fish Mo vement

This function is designedto simulate the movement of �sh between adjacent
cellsmainly due to the relative di�erences in the water depth and �sh densities.
Movement into or out of a cell is assumedto occur only when the cell is more
than 50% 
o oded. The following equations are used to determine the amount
of �sh to be moved out of the cell ci;j :

f ish(g)( i; j )mov e out =
�
min

�
k1 �

X

water ( i;j )>
water (x;y )

water(i; j ) � water(x; y)
water(i; j )

; maxwater(g)
�

+

min
�

k2 �
X

f ish (g)( i;j )>
f ish (g)( x;y )

f ish(g)( i; j ) � f ish(g)(x; y)
f ish(g)( i; j )

; maxdensity (g)
��

� f ish(g)( i; j )n ; (5)

where f ish(g)( i; j ) is the total number of �sh in functional group g in cell
Ci;j , water(i; j ) is the water depth of cell Ci;j , maxdensity (g) is the maximum
fraction of �sh in functional group g that can move due to density di�erences,
and maxwater(g) is the maximum fraction of �sh that can move due to water
di�erences. Cx;y is oneof the landscape cellsadjacent to cell Ci;j . f ish(g)(x; y)
is the total number of �sh in functional group g in cell Cx;y , and k1 and k2
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are empirically-basedparameters. The sumsin Eq. (5) are taken over the eight
neighboring cells that satisfy the given inequality. The �rst sum in Eq. (5) is
taken over all adjacent cells that have higher water depths than the cell being
evaluated. The secondsum in Eq. (5) is taken over all adjacent cells that have
lower �sh densitiesthan the cell being evaluated. Pleasenoted that the amount
of �sh move into cell c( i; j ) is not explicit calculated, but implied computed by
applying Eqs. (5) on its eight neighboring cells.

As the previous section, we usethe samesimpli�ed scenarioto demonstrate
di�usiv e �sh movement. After density-independent �sh movement, only the
small and medium size �sh exist in the central cell, Ci;j . Those �sh have dif-
ferent movement patterns according to the di�erence of water depth and �sh
densities. The small size �sh can move to one of the �v e adjacent cells in
light/medium/dark gray. Thin arrows in the right plot of Fig. 5 represent those
movements. Due to the limits of water depth, the medium size�sh in the central
cell can only move to one of two adjacent cells in medium/dark gray. Those
movements are represented by bold arrows in the right plot of Fig. 5. Similarly,
the small size �sh in cell Ci � 1;j � 1 can move to the adjacent cells according to
the relative di�erence of density and water depth. Bold arrows in the right plot
of Fig. 5 represent those movements. This type of movement does depend on
�sh densities,so the changesof �sh density must be stored until all calculations
are completed,and then addedto the original landscape matrix to createa new
�sh landscape matrix for the next timestep.

2.2.3 Fish Mortalit y, Aging, Gro wth, and Repro duction

In ALFISH, �sh mortalities depend on age and prey availabilit y. Food-based
mortalit y is calculated as the ratio of prey biomass in the cell to the amount
neededfor maintenance times a function giving the amount of available prey
in the cell. Age mortalit y is directly related to �sh size and age. Food-based
mortalit y is compared to age-dependent mortalit y for each age class, and the
greater of the two is applied. Fish that survive through the mortalit y phasewill
grow and age. The ageclassesfor the �sh functional groups are 30-days. If the
timestep is at the endof a 30-day period, all of the �sh are movedto the next age
class. All ageclassesare divided into six sizeclasses,but all �sh in an ageclass
arewithin a singlesizeclassat any timestep. All �sh within an ageclassadvance
synchronously in sizeclass. Therefore, size class,(or sizeClass) can be stored
as a single integer ranging from 1 to 6 representing which size class each age
classis in. This integer is incremented by one each timestep (5 days), and then
if the integer is greater than 6 (all in this ageclassautomatically advancesto the
next ageclass),it is reset to 1. For each functional group, if it is the appropriate
time of year, the number of o�spring is calculated using 0.5 times the number of
�sh of reproductive agefor that functional group times the number of o�spring
per female per reproductive event. To prevent the population from producing
too many new �sh in a reproductive event, a constant maximum reproduction
density is used.
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Figure 6: Landscape partition on 3 processors

3 Parallel Metho dology

To parallize ALFISH, several modi�cations to the sequential model were re-
quired. A two-layer communication model was deployed to provide message-
passing functions between all processors. Considering that sequential output
operations are neededin each timestep, one processor(P0) was dedicated to
collect �sh data from other processors,referred to as computational proces-
sors, and store those data. Each computational processoronly simulates �sh
behaviors in a row-size,block-strip ed partition of the landscape.

3.1 Fundamen tals of Landscap e Partitioning

In the parallel ALFISH model, a region area matrix is usedto remove excluded
areas from the landscape map, and this matrix is duplicated on all proces-
sors in order to reduce data immigration time. The entire landscape map is
statically partitioned among all computational processors. In order to enable
inter-processordata communication betweenadjacent processors,a ghost row is
attached to the upper and lower sideof each partitioned landscape. Fig. 6 shows
a partition of a landscape map on three computational processors.One part of
the landscape map, an internal region (row C0 to row Ci � 1) plus a ghostzone
(row Ci ), is assignedto processor1. Another part of the landscape map, an
internal region (row Ci to row Ck � 1) plus two ghostzones(row Ci � 1 and row
Ck ), are assignedto processor2. The remaining part of the landscape map, an
internal region (row Ck to row Cm ) plus a ghostzone(row Ck � 1), is assignedto
processor3. Ghostzonesin Fig. 6 are represented in gray, and used to mimic
�sh movements as they appear in the sequential code.
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3.2 Computational In tensit y of Landscap e Cells

In order to improve model performance,computational intensity (CI ) (de�ned
as CPU time used to processdata in a landscape cell) was intro duced. From
previous e�orts [11, 12, 13], the computational intensity of a landscape cell is
attributed to a number of factors (e.g., current hydrology data, �sh structure,
and so on). It is neither trivial nor currently feasible to determine the real
time computational intensity, therefore two methods was applied. In the �rst
method, we assignthe averagedcomputational intensity to each landscape cell,
which is de�ned by

CI (i; j ) =
W
S

; (6)

whereCI (i; j ) is the computational intensity of cell Ci;j , W is the total workload
at each timestep, and S is the total number of landscape cells. This method
results in static landscape partitioning, and the evaluation data from model
performancecan provide basic information on processorload imbalancesintro-
duced by the dynamic changeof environmental data. Furthermore, it is a base
scenario,against which we can further evaluate the performanceof the parallel
ALFISH model with dynamic load-balancing.

To take count of the uneven workload distribution among processorsdur-
ing simulation, in the secondmethod, the averagecomputational intensity of
all landscape cells on each computational processorwas used to evaluate the
computational intensity of each cell. Therefore, Eq. (6) becomes

CI (i; j ) =
Wp

Sp
; (7)

whereCI (i; j ) is the averagecomputational intensity of a landscape cell on pro-
cessorp, Wp is the workload on processorp, and Sp is the number of landscape
cells on processorp. Basedon Eq. (6) or Eq. (7), the computation intensity of
a landscape row is calculated as the sum of the computation intensity of each
cell in the row, that is

CI i =
nX

j =1

C(i; j ); (8)

where n is the number of cells in the landscape row, and i is the row number.

3.3 Dynamic Load-Balancing and Im balance Tolerance

Dynamic load balancing techniques are now widely used in scienti�c computa-
tion [14, 15] where static partitioning fails to equally distribute the load among
di�eren t processors.Our procedurefor load balancing consistsof the following
operations:
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3.3.1 Determine W orkload

Each computational processordetermines its workload (Wp) at each timestep
by

Wp � Tcomp = Twall � Tover head (9)

where Wp is the workload on processorp, Tcomp is the time to processthe
local data on processorp, Twall is the wall-clock time elapsedfrom the previous
timestep, and Tover head is the time used for packaging and exchanging data
plus waiting time at this timestep. Each processoralso determines the CI of
its local landscape cells, and sendsthe workload information including the local
cells' computational intensities and sizeof the landscape partition to the master
processor.

3.3.2 W orkload Redistribution

The master processorcomparesall workloads on computational processorsand
determineswhich landscape row(s) needto be redistributed, if an imbalanceis
found. The following equations were used to determine the averageworkload,
and maximum workload imbalance:

M I B = max
1� p� nps

�
jWp � Wav g j

Wav g

�
� 100;

Wav g =
1

nps

npsX

p=1

Wp;
(10)

whereWav g is the averageworkload at the previoustimestep, Wp is the workload
on processorp, and nps is the number of computational processors. M I B is
the maximum imbalanceindex. The dynamic load-balancingphaseitself brings
extra overheadto the simulation and results in signi�can t data movement among
processors.Therefore, an appropriate imbalancetolerance must be determined
in the simulation to avoid excessive and perhaps unnecessaryload-balancing.
The function for landscape repartitioning is shown in Fig. 7.

3.3.3 Data Immigration

After receiving new partition information, each importing processor(Wp <
Wav g) noti�es the exporting processor(Wp > Wav g), and receives those land-
scape row(s) determined by the master processor. Synchronization is also re-
quired to guarantee that all processorsenter the dynamic load-balancing phase
simultaneously.

3.4 Parallel Computational Mo del

In the parallel ALFISH model, explicit message-passingis used to mimic the
same �sh dynamics described in the Section 2.2. The computational model
is shown in Fig. 8. Compared to the 
o w chart shown in Fig. 4, the parallel
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void repartition( Wp; nps;Sp; partition; imbalance tolerance)
f compute Wav g and M I B ;

compute CI i on each processorusing Wp;
if (M I B > imbalance tolerance) f

r ank=1;
partition [0]=0;
loads =0;
for i =1 to max num of row � 1 f

loads+= CI i ;
if ( loads< = Wav g) and (loads+ CI i +1 > Wav g) f

partition [rank] = i ;
r ank++;
loads=0;

g
g
partition [nps] = max num of row;

g
g

Figure 7: Landscape repartition function

ALFISH model contains explicit data exchange and computational synchro-
nizations (represented by dashedlines) and a computational phaseto calculate
computational intensity and redistribute cells. As shown in Fig. 8, within each
timestep four explicit synchronizations are required. The synchronization before
the phaseCompute CI and redistribute cells guaranteesthat all processorsenter
the dynamic load-balancing phase at the same time. Since the movement of
�sh dependsand has in
uence on the adjacent cells, an explicit data exchange
is required after the computation of Density-Independent Fish Movement and
after the computation of Di�usive Fish Movement.

In the parallel ALFISH model, blocking LAM-MPI primitiv es(i.e., MPI Send,
MPI Recv and MPI Sendrecv ) are used. The main reason for choosing
blocking communication primitiv es is that such primitiv es eliminate the code
segment for explicit synchronizations, which are required several times within
each timestep. In addition, MPI Barrier is usedto guaranteesynchronization
during the simulation.

3.5 Parallel Densit y-Indep endent Fish Mo vement

Since this �sh movement is density-independent, the order of computation is
not an in
uen tial factor for the simulation. In the parallel ALFISH model,
the internal regions of a landscape partition (on each processor)are treated
in the samemanner as those in the sequential model. In order to enable the
same computations as in the serial model, partial results must be calculated
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Figure 8: Computational model for parallelizing ALFISH

simultaneously, and data exchangesare required between adjacent processors.
For more detailed information, pleaserefer to [12].

3.6 Parallel Di�usiv e Fish Mo vement

Similar to the calculations of density-independent �sh movement, each processor
only simulates the �sh movements in internal cells. The calculations of di�usiv e
�sh movement are similar to those described in Section 3.5, with the excep-
tion that this particular movement depends on �sh densities. Therefore, the
changesof �sh density in internal cells are temporarily held in storageuntil all
calculations are complete, and then added to the original landscape matrix to
create a new �sh landscape matrix for the next calculation. At each timestep,
the changesof �sh densities in the ghostzoneare stored. After the calculation
of �sh movements on each processor,the changed values of �sh densities in a
ghostzoneand the �sh density on its adjacent row are passedto the adjacent
processorto mimic the computations in the sequential ALFISH model.

3.7 Parallel Fish Mortalit y, Aging, Repro duction, and Gro wth

The calculations of �sh mortalit y, aging, reproduction and growth depend on
local information about the cellswhere�sh exist. This local information includes
the values of lower trophic data, age status of �sh, and so on. In the parallel
ALFISH model, thesecomputations are basically the sameas in the sequential
model and are only executedon cells in the internal region of the landscape map
(on each processor).
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4 Veri�cation and Performance

In this section,a standard hydrology scenariowasapplied to verify the accuracy
and the performanceof the parallel ALFISH model.

4.1 Scenarios

The ALFISH models are mainly used to determine the pattern of �sh density
on the landscape for a variety of hydrology scenarios. The motivation for the
particular scenarioschosen was the Restudy process[16] for the selection of
a plan for Evergladesrestoration. One particular scenario used, F2050, is a
standard basescenariowhich useswater data from a 31-year time seriesof his-
torical rainfall from 1965 through 1995, as well as sea level, population level
and socioeconomicconditions projected for the year 2050. It also includesall of
the previously legislated structural changesfor water control measures.There-
fore, the simulation time of both the sequential and parallel ALFISH model is
typically 31 yearsand the timestep is 5 days.

4.2 Comparison of Selected Outputs

To verify the parallel model's correctness and accuracy, that is, its abilit y to
produce results similar to those of the sequential model, we comparedoutputs
of both the sequential model and parallel model. We produced and analyzed
several outputs, and chosetwo setsof data for comparison. One is a time series
of mean�sh density acrossthe entire landscape, and the other is a 31-yearmean
�sh density and distribution on April 1. Fig. 9 illustrates the comparison of a
time seriesof mean �sh density across the entire landscape. The left graph
represents the output from the parallel ALFISH model, the right graph is the
output from the sequential ALFISH model. The results show little di�erence
in total �sh densitieswhen averagedover the entire region in the entire 31-year
time period, the maximum di�erence is lessthan 0.01%. Fig. 10showsmean�sh
density map comparisonson April 1. Again, there are no meaningful di�erences
betweenthe outputs of the parallel and sequential ALFISH models. The above
comparisonsare averagedover spaceor time. Comparisonshave alsobeenmade
of mapssimilar to Fig. 10 for singledates,with no meaningful di�erences found
in theseeither.

4.3 Parallel Performance Analysis

In order to further study the parallel model performance,we recordedthe actual
computational time and overall overhead time on each processor. The overall
overheadtime includes the time for data communication, the time usedfor data
messagepacking and unpacking, aswell asthe idle time due to synchronization.
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Figure 9: Time seriesfor mean �sh density in �sh/ m2 as averagedacrossthe
entire landscape

Figure 10: Spatial averaged�sh density map comparisonin Evergladeson April
1, averagedover all years
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Table 1: Model performancepro�le of the parallel ALFISH model with static
partitioning (unit:second)

Proc 0 Proc 1 Proc 2 Proc 3 Proc 4
Computation 1580 21969 28515 32109 25479

Overhead 32093 9252 3301 679 5765
Initialization 17 17 17 17 17

File (I/O) N/A 612 606 617 609
Sum 33700 31850 32439 33422 31870

4.3.1 Static Load Balancing

The �rst method (seeEq. (6)) for calculating computational intensity results in
a static partitioning that we would expect to produce an unbalancedworkload
acrossthe computational processors.Table 1 contains a performancepro�le of
a model run on 5 processors.From this pro�le, we make the following observa-
tions:

1. Most of the time, Processor0 is waiting for the data from computational
processors,and only 5%of the total executiontime is usedfor data output;

2. Initialization time is not signi�can t, which implies that it is reasonable
to reducethe communication time by duplicating the landscape mask on
each processorduring initialization;

3. Although at each timestep the model must read water data from disk and
update hydrology data, those �le operations are not very time consuming,
and only take 2% of total execution time;

4. The workload is not well balancedamong all computational processors

On the most lightly loaded processor1, only 63% of the execution time is
usedfor computation, while the overall overheadconsumesover 25% of the to-
tal execution time. On the most heavily loaded processor3, computation takes
almost 95% of the execution time, while the overall overhead re
ects only 2%
of the total execution time. In other words, on processor3, the time for data
communication, messagepacking and unpacking requires only 2% of the total
execution time (since idle time can be ignored from the overall overhead). At
each timestep, computation time (Tcomp ) consistsof three parts: time for com-
puting density-independent �sh movement(Tintr a), time for computing di�usive
�sh movement(Tmov e) and time for computing other activities: �sh mortality,
reproduction, aging and growth (Tother ). Fig. 11 illustrates di�eren t compo-
nents of computation time (Tcomp , including Tintr a , Tmov e, Tother ) on processor
3 over onesimulation year. The horizontal axis is days in a year, and the vertical
axis is computation time in seconds. The maximum and minimum computa-
tion times for density-independent �sh movementat each time step (Tintr a) are
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Figure 11: Computation time on processor3 with static partitioning in a given
year

Figure 12: Computation time on 4 processorsin a given year
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about 1.2 and 0.2 seconds,respectively. Such minimal variance suggeststhat
the assumption of constant computational intensity in this phaseis valid. The
maximum and minimal computational times for �sh mortalit y and other behav-
iors are about 7 and 5 seconds,respectively, and at the last day of every 30
days, the �sh growth and aging contribute just under 1 secondto Tother . Since
the variance of Tother is not signi�can t relative to the averagevalue of Tother ,
it is also reasonableto assumethat the computational intensity of each cell in
this phaseis constant. In contrast, the variance of Tmov e (ranging from 5 to 14
seconds)clearly suggeststhis particular component has the greatest in
uence
on the total computation time at each timestep. Fig. 12 illustrates the di�er-
encesof computation time on all 4 processorsin the samegiven year, indicating
that computational workloads are not well-balancedamong the processors.For
example, on day 200, computation time Tcomp is about 20 secondson proces-
sor 3, and only 10 secondson processor1. On day 150, the computation time
on all processorsis about 12 seconds. The computation time on processor3
varies greatly according to the seasonof the year, while the computation time
on processor1 is about 10 secondsyear round.

4.3.2 Dynamic Load Balancing

The secondmethod (seeEq. (7)) is an improvement of the �rst method, which
allows the model to better distribute the workload across all computational
processors. Dynamic load balancing is achieved by evaluating the computa-
tional time on each processorat the previous timestep. If a seriousimbalance
is detected, the model will repartition the landscape matrix and redistribute
the workload on all computational processorsfor the next calculation (i.e.,next
timestep). A performancepro�le of the parallel ALFISH model with dynamic
load balancing is in Table 2. Comparing Tables1 and 2, the following observa-
tions can be made:

1. the simulation time of the parallel model using dynamic load balancing is
4 hours lessthan that of the parallel model using static partitioning;

2. the workload is better balancedamong all computational processors.

Table 2: Model performancepro�le of the parallel ALFISH model with dynamic
load balancing (imbalancetolerance = 20%, unit:second)

Proc 0 Proc 1 Proc 2 Proc 3 Proc 4
Computation 1514 15848 16238 16283 16650

Overhead 18801 3186 2675 2553 2894
Initialization 18 18 18 18 18

File (I/O) N/A 612 606 617 609
Sum 20333 19664 19637 19471 20171
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Figure 13: Computation time on 4 processorswith dynamic load balancing in
a given year

On the most lightly loaded processor1, 78% of the execution time is used
for computation, and the overall overheadconsumesover 16% of the execution
time. On the most heavily loaded processor4, computation takes almost 82%
of the execution time, while the overall overhead consumes14% of the total
execution time. Fig. 13 shows the computation time on all those 4 processors
in the samegiven year, indicating the balancedcomputational workload across
the processors. Fig. 14 shows the size of the landscape partition on those 4

Figure 14: Partition sizeon 4 processorsin a given year

processorsduring the one-year simulation. In our simulation, the imbalance
tolerance(set to 20%) is usedto trigger the repartition of the landscape matrix.
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At each timestep, the master processorevaluates the workload distribution on
each computational processor. If the imbalance is less than 20%, the model
keepsthe previous partition. If the imbalance is larger than 20%, the model
repartitions the landscape matrix. This results in a changeof partition sizeon
days 115, 135, and 185 in Fig. 14 .

4.3.3 Performance Impro vement for Parallel Mo del

In order to measurethe performance gain of the parallel ALFISH model, we
executed both the sequential and parallel implementations on the Sun Enter-
prise 4500(seeSection1.3). We �rst ran the sequential model and recordedthe
execution time, followed by a seriesof parallel simulations using di�eren t num-
bersof computational processors(ranging from 3 to 13)2. Fig. 15 illustrates the
executiontime of the parallel ALFISH model. We note that even with the static
partitioning of the landscape matrix, the parallel ALFISH model demonstrates
remarkable speedup. The averageexecution time of the sequential model is ap-
proximately 35 hours. The execution time of the parallel ALFISH model with
13 computational processorsis about 4 hours (the performance improvement
factor being about 9). Using the samenumber of processors,the performance
of the parallel model with dynamic load-balancing(imbalancetolerance= 20%)
is even more impressive: the model turnaround time is lessthan 3 hours with a
performanceimprovement factor approaching 12.

Figure 15: Total execution time of the parallel ALFISH model. (The averaged
execution time for serial ALFISH model is around 35 hours)

2One processor is always dedicated to output operations not simulation. The capacity of
this processor is reserved for future communications with other ATLSS models
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5 Conclusion and Future Dev elopmen ts

The nearly identical outputs and excellent speed improvement obtained from
the parallel ALFISH model, as compared with the sequential model, provide
strong evidencethat grid-basedpartitioning can be highly e�ectiv e for age-and
size-structured spatially explicit landscape �sh models. Our results indicated
that even using simple static partitioning, the parallel ALFISH model demon-
strates remarkable scalability. Comparing the averagedexecution time of the
sequential model, which is about 35 hours, the parallel ALFISH model (using 13
computational processors)requires lessthan 4 hours. The performance of the
parallel model with dynamic load-balancing on 13 computational processorsis
exceptional: adapting a dynamic load balancing method (imbalancetolerance=
20%), the model turnaround time is lessthan 3 hours yielding a speedupfactor
near 12. In this paper, one-dimensionalpartitioning (row-size,block-strip par-
tition) was adapted, we are now developing dynamic load balancing techniques
for two-dimensional partitioning (both row-size and column-sizepartition) us-
ing tiling algorithms [14, 17]. Using message-passingwith the parallel ALFISH
model, explicit data synchronization and data communication consumesignif-
icant time, due to the complex age- and size-structure of the �sh component.
This indicates that the ALFISH model maybe more suitable for parallel execu-
tion on a shared-memorymultipro cessorssystem using multi-threads. Further
plans for the ALFISH model development include adapting �ner grid resolution,
taking account of the e�ects of complicated landscape features such as canals,
and coupling with other ATLSS models for parallel multi-scale ecosystemsim-
ulation acrossheterogeneouscomponents of a computing grid.
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