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Abstract

We examinethe accuracy, computational advantage and feasibility of using an \of-

ine" approach for modeling ocean tracers in eddy-resolving calculations. In the
o�ine approach time-averaged 
o w-�elds and mixing coe�cien ts, stored during a
prior online run, are re-usedleaving only the tracer equation to be integrated.

We �nd that, provided the 
o w �elds used to drive the o�ine calculation are
averageson time-scalescloseto or below the inertial period, the tracer distributions
depart little from the referenceonline case. In addition we �nd that the o�ine
timestep, no longer limited by dynamical constraints, can be increasedby almost
an order of magnitude relative to the online value.

These two factors enable close o�ine reproduction of an online solution in a
fraction of the time promoting the use of o�ine modeling in eddy resolving tracer
models.
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1 In tro duction

In recent years ocean circulation models have been applied increasingly to
tracer andbiogeochemistry problems(e.g.Sarmiento, 1983;Dutay et al. (2002);
Bacastow and Maier-Reimer (1990)). In such problems, additional, dynami-
cally passive, tracersand parameterizationsof their sourcessinksand interac-
tions, areoverlain on generalcirculation models.Recent oceanbiogeochemical
models include many, biogeochemically interacting tracers and explicit repre-
sentations of the ecosystem(e.g. Aumont et al. (2004)).

Though computational resourceshave increaseddramatically, it can still be
advantageousto pursue\o�ine" modeling strategiesfor oceantracer and bio-
geochemistry studiesto reducecomputational expenseand in order to employ
pre-determined circulation state estimates (e.g. McKinley et al. (2004)), a
strategy also commonly applied in atmospherictracer models (e.g. Lawrence
et al. (1999)). In the o�ine approach time-averaged
o w-�elds and mixing co-
e�cien ts, storedduring a prior onlinerun or from an independent stateestima-
tion, arere-usedleaving only the tracer equationto be integrated. (Conversely
an \online" model solves for both dynamics and passive tracers simultane-
ously). Signi�cant CPU resourcesmay be saved as the explicit timestepping
of dynamical variables can be neglected.Furthermore, the discretizedtracer
equationsare generally stable at longer timestepsthan those for momentum
allowing more e�cien t, long-term spin-up of the tracer or biogeochemistry
models.

The o�ine modeling approach has been found to be e�cien t for relatively
coarseresolution applications where the 
o w �eld evolves reasonablyslowly
and the 
o w �eld and hydrographic parameterscan be updated in the o�ine
model at relatively long intervals (see,for example,McKinley et al. (2004)).
However, the oceanteamswith mesoscaleeddieswhich are known to have sig-
ni�can t impact on both the local and large scaledistributions and transport
of tracers in the ocean.While thesee�ects have typically beenparameterized
in coarseresolution numerical models it is highly desirable to resolve these
smaller scales:The parameterizationsare approximate and do not capture
all of the pertinent featuresof eddy transports, such as the \eddy pumping"
of nutrients (Falkowski et al. (1991)). Several recent e�orts have applied on-
line, eddy-permitting or eddy-resolvingmodels on regional and basin scales
to studies of ocean tracers (e.g. Beismann and Redler (2003)) and biogeo-
chemical cycles (e.g. Oschlies and Garcon (1998); Mahadevan and Archer
(2000); McGillicuddy et al. (2003)). However, even at regional scales,such
eddy-resolvingmodels can becomeprohibitiv ely, computationally expensive
and, despite massive increasesin computational resourcesover the past few
years,it remainsimportant to seekeconomiesof computation to enablemulti-
decadalstudiesover larger domainsyet still resolve the mesoscalemotions.
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Herewe considerthe possibility of using an o�ine modeling strategy for high
resolution eddying studies. While the o�ine approach has proven useful at
low resolutions,where the 
o w �eld is slowly evolving, there is a trade o� as
we move to higher resolution. For eddy resolving o�ine calculations, we are
obliged to sample the 
o w �eld at high freqencies,since the 
o w-�eld also
becomesmuch more variable in time asmesoscalefeaturesare resolved. If the
temporal variabilit y of the 
o w �eld is not faithfully resolved there is a price
to pay for the advantages in terms of the accuracyof the o�ine integration
relative to the online \control". In addition storage,data management and
I/O capabilities becomea consideration.

Using online and o�ine tracer calculations with a one-sixth degreeresolu-
tion, North Atlantic circulation and biogeochemistry model, we examinethe
trade-o�s between computational e�ciency , model integrity and storage re-
quirements whenusingan o�ine tracer modeling approach at high resolution.
Is there an advantage to the o�ine approach in a high-resolution framework
where there is strong temporal and spatial variabilit y in the advecting 
o w
�eld? Is the advantage of reducedcomputational requirement through using
an o�ine model su�cien t to overcomethe accompanying increasedI/O re-
quirements? At what sampling resolution are the o�ine solutions faithful to
their online counterparts? We demonstratethat there is, indeed,an advantage
to using the o�ine approach at high resolution with a time saving of asmuch
as a factor of ten for a single tracer calculation, o�ine relative to online, at
one-sixth degreeresolution. In Section2 we describe the con�guration of the
circulation and tracer model for both online and o�ine studies. In Section
3 we illustrate results from simulations of a passive tracer and discussthe
�delit y of the o�ine calculations with referencesto an online control run as
a function of increasedtimestep and reducedinput �eld frequency. Section4
describescomputational I/O performancefactors that needto be taken into
account. We concludein Section5.

2 Mo del Description

2.1 1/6 o North Atlantic Regional Model

We seekto understand the computational advantage and �delit y of a time-
evolving tracer distribution in an o�ine transport model as the temporal
sampling of the stored 
o w �elds is degraded.To this end we perform a
seriesof experiments with an eddy resolving, North Atlantic con�guration
of the MIT general circulation model (Marshall et. al. (1997)). We impose
bathymetry basedon ETOPO5 data (NOAA (1988)), and employ the tech-
nique of \lopp ed" cells (Adcroft et al. (1997)) to represent the 8km deep
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topography. The model is spun up at 1
6

o resolution with daily surfacewind,
heat and freshwater forcing (basedon NCEP reanalysisproducts). The model
grid (Fig. 1) is rotated by � 90o so that the pole lies within the plane of the
equator. This provides more uniform numerical stabilit y criteria acrossthe
domain, allowing a longer timestep than would have beenthe caseotherwise.

The grid has dimensions576 � 672 in the horizontal, with north-south grid-
lengths between 9 and 18.5 km. There are 21 vertical levels with thickness
varying from 25 m at the surfaceto 500m at depth. The dynamic timestep is
900s. At the Southernboundary, water propertiesare restoredtowards clima-
tological distributions. The model usesthe full equationof state for seawater.
The imposedhorizontal and vertical di�usion coe�cien ts for heat and salt,
transported using a centered secondorder advection scheme,are 1000m2s� 2

and 3.0� 10� 5 m2s� 2 respectively and the horizontal and vertical viscositiesof
are 5.0� 105 m2s� 2 and 1.0� 10� 2 m2s� 2. Convection is parameterisedby vig-
orous vertical mixing in water columnswhere the water column is statically
unstable.

2.2 Online Reference Tracer Integration

The model was initialised with 
o w �elds from the end of a 20 year spin-up
and the \reference run" was integrated for 360 days (nominally 12 months).
Time-averaged 
o w �elds were saved every 6 hours, yielding 1440 sets per

o w variable. For this particular set of experiments four, three-dimensional,
variableswerearchived: The u, v and w components of the 
o w �eld, and the
convective index, recording how often a particular cell underwent convective
adjustment in the courseof each averagingperiod.

The tracer injection site was situated a depth of 500 m at (67oW,40oW) in
the swift current of the model's Gulf Stream. The instantaneoustracer pulse
was de�ned to have a gaussianform in the horizontal plane, falling to zero
concentration from an arbitrary maximum of 10 over a 1 degreeradius. The
initial vertical extent of the tracer was 150m the height of the cell at -500m
(the injection depth).

Using a time seriesof time-averaged
o w �elds, v , archived during the on-
line run we advect a passive tracer C. C evolvesaccordingto the prognostic
equation

@C
@t

+ v � r C = 0 (1)

which is discretized and integrated numerically. We use Adams-Bashforth
timestepping and centered third order upwind discretization in space.Fig-
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ure 2 illustrates the evolution of the patch of tracer, at the depth of injection,
averagedover ten days as it movestowards the north eastunder the in
uence
of the generalcirculation and is strained and distorted by the eddy �eld into
fronts and �laments. As expectedthere is negligiblesubduction in this region
with a generalascent leading to tracer outcropping at the surfacebetween
months 6 and 8. There is strong variation in vertical mixing of tracer near to
the surfacewherethe mixed-layer variations interact with the eddy scalemo-
tions. This calculation servesas our ground-truth against which we compare
o�ine experiments.

2.3 O�ine Tracer Integrations

We now examinethe e�ciency and �delit y of comparative o�ine integrations
as a function of increasingtracer timestep and reducedsampling frequency
of the evolution of the time-averaged
o w-�elds which drive it. In all other
regards,for exampleinitial condition and duration of integration, the o�ine
experiments were identical to the online referencecase.First, using the 6
hourly averaged
o w-�elds, o�ine runs wereperformedwith timestepsof 1800
s, 3600s and 7200s. A secondsuite of o�ine runs were then carried out each
usinga 2 hour (7200s) timestepbut in which the averagingperiod of the input

o w-�elds was increasedfrom 6 hours, 12 hours, 1 day, 2 days, 10 days and
then 30 days. A �nal o�ine run was made, for the purposesof comparison,
using 6 hourly averageddata and a timestep of 2 hours but wherethe initial
injection of tracer occured ten days later than in the referenceonline case
(and all the other o�ine cases).In ten days the detailed structure of the 
o w
�eld changessigni�cantly thus providing a useful point of referencefor the
quantitativ e comparisons.

3 Results

In this sectionwe comparethe �delit y of the time dependent tracer �elds in
the o�ine caseswith thosefrom the online integration aswell astheir relative
computational cost.

3.1 Quality of O�ine Solution

Figure 3 shows the instantaneoustracer concentration at the surfaceand in
vertical crosssectionafter 330days, for a rangeof o�ine tracer timestepsup
to two hour. A timestep greater than 2 hours causedthe tracer integration
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to becamecomputationally unstable. Each integration is driven by 6 hourly
averaged
o w �elds. By day 330the surfacetracer distribution indicates large
scaledispersionout to several hundred kilometers from the source,with rich
detail at the mesoscale,re
ecting the importanceof the eddyscales.In the ver-
tical transectsthere are clear signaturesof the entrainment of tracers into the
surfacemixed layer. On visual inspection, there is little to distinguish between
the spatial structures in the online and o�ine runs suggestingthat for in all
cases,even with a two hour tracer timestep ( 8 times longer than the timestep
required for the online dynamics), the o�ine integration remains faithful to
the online run at the level of individual mesoscalestructures and entrainment
events. (A more quantitativ e evaluation follows in the next section).

Figure 4 shows the samesectionsas Fig. 3 from experiments where the fre-
quencyof time-averaging(and updating) of the 
o w �elds which transport the
tracer is varied between6 hours and 30 days, with a �xed tracer timestep of
two hours. Visual inspection suggeststhat for update periods up to a day or
so the o�ine integration pattern again remain faithful to the online results:
There is little to distinguish betweenthe distributions from the online run and
the o�ine caseswith update frequenciesof 6 hours, 12 hours, 1 day and even
arguably 2 days. However, signi�cant departuresare clearly evident when the

o w �eld is updated only every 10 days or more infrequently. In those cases
the o�ine solutions depart signi�cantly from the online solution. This is per-
haps to be expectedsincethe transport on geostrophiceddy scalesoccursat
a timescalewhererotation becomesimportant. Likewise,synoptic variabilit y
in the atmosphericforcing varies signi�cantly on this timescale.Hencethese
critical aspects of the 
o w are not resolved at all with averaging periods of
more than a day. Further inspection indicates that the degradationof tempo-
ral resolution in the forcing �elds is particularly signi�cant for vertical mixing
and entrainment of tracer into the mixed layer. In this case,as the update
frequencydecreases,vertical mixing is arti�cially enhanced,becausethe spo-
radic nature of convective mixing is not captured, and the integrated amount
of tracer remaining on the depth horizon of injection falls.

Visual inspection providesa subjective assessment of the �delit y of the o�ine
casesbut to provide a more quantitativ e view we de�ne a measure,S, or per-
centage skill;

S = (1 �
P

rms(Cof f (i; j; k; t) � Con(i; j; k; t))
P

rms(Con(i; j; k; t))
) � 100 (2)

whereCof f (i; j; k; t) is the local instantaneoustracer concentration produced
by the o�ine model and Con(i; j; k; t) is its correspondingonlinevalue.S quan-
ti�es the level of agreement between the set of tracer distribution �elds ob-
tained for each o�ine run and the onlinereference.An o�ine model yielding an
identical set of distributions as the online run (Cof f (i; j; k; t) = Con(i; j; k; t))
would have an S of 100(the maximum). As Cof f (i; j; k; t) increasinglydeparts
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from Con(i; j; k; t), the o�ine model's S value falls.

The S value of the various o�ine experiments is shown in Fig. 5. Note that
the `best' o�ine run, that using six-hourly time averaged
o w �elds and the
shortest timestep (900 s), hasan S of just over 99%.However, increasingthe
timestep, even by a factor of 8, has only nominal impact on this measure
of �delit y (compare the top 4 bars in Fig. 5). The S value with a 2 hour
timestep is still more than 98% supporting the visual impressionof a high
degreeof correspondencewith the online case.This is a high degreeof �delit y
for most purposes:In most oceanmodeling situations a di�erence at the one
percent level betweenonline or o�ine tracer simulations would be much less
signi�cant than, for example,the uncertainties associated with sub-gridscale
mixing parameterizations.As a point of reference,we also show the e�ect of
delaying the injection of tracer in the o�ine run by 10 days (the lowest bar in
Fig. 5). Visually this leadsto a clear impact on the solution (Fig. 4); though
the large-scaletransit of the tracer patch is broadly comparableto the online
caseover oneyear, due to the commonin
uence of the large-scaletime-mean

o w, the �ner scalestructures are,of course,very di�erent. This is re
ected in
the S valueof little more than 75%,providing a referencefor the much higher
numbers for most of the o�ine cases.

The S value is more sensitive to the time-averaging frequency of the 
o w
�elds (Fig. 6, bars 4 to 9 from the top) than the tracer timestep over the
chosenranges.As the temporal resolutionof the 
o w �eld is degradedby more
infrequent time-averagingwhile there is a marginal decreasein S for averaging
periods up to a day or two, consistent with the visual impression.However,
S for the experiments with more infrequent timestep decreasesto lessthan
80%when the update frequencyis 30 days. This more quantitativ e approach
con�rms the importanceof resolvingthe inertial andsynoptic periodsto retain
�delit y in the o�ine approach.

3.2 Computational E�ciency

Is there a signi�cant trade o� in terms of compuationalcost in order to retain
high �delit y in the high-resolution o�ine integrations?We comparethis cost
in terms of the CPU time for each of the o�ine variants relative to the online
control (Fig. 6). We measurethe CPU cost (M t , hours) as a function of the
changein o�ine tracer timestep and time-averagingfrequency:

M t = log
� � tof f

� ton
Tav

�

(3)

where� tof f and � ton are the o�ine and online timestepsrespectively and Tav

is the time-averagingperiod in days. The online control run (open red circle)
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took closeto 35 hours to integrate for 330 model days on the particular (16
processor)platform usedhere.

It is clear that adopting the o�ine approach cuts the run-time, or computa-
tional cost,by about 30%to just over 22hoursin the casewherethe o�ine and
online tracer timestep is the same.A further, considerablesaving is achieved
by increasingthe timestep: The o�ine run with a 2 hour timestep but still
using the highest frequency time-averageddata cost only about 6 hours or
about 15% of the cost of the online model. As seenin the previous section,
this con�guration retains a very high degreeof �delit y to the online control.
The cost of the \optimal" run (time-averaging frequency 1 day, timestep 2
hours) was further reducedby the decreasein I/O. In this con�guration the
computational costof the o�ine run wasabout 10%of the online control while
the S remainedvery high.

The major computational savings are achieved in two ways: by not solving
the dynamical model (using archived 
o w information) and by signi�cantly
increasingthe tracer timestep.Contrary to initial expectationswe found that,
provided the storageorganization is carefully tailored to the bandwidth con-
straints of the host platform, the requirement to frequently update the 
o w
�eld neednot bea signi�cant factor in the computational cost. In contrast, up-
dating the 
o w �eld with frequencylower than the inertial period signi�cantly
degradesthe �delit y of the solution without any signi�cant computational sav-
ing.

4 Preparation of Flo w-Fields for O�ine Application

The model wasrun in parallel across16nodesof the a network of uniprocessor
Pentium 4 machines interconnectedwith Myrinet and running Myrinet GM
1.5 communication software. The amount of data to be written during the
one year run is almost 200GB; 576 x 672 x 21 x 4 x 1440 x 4). Care was
necessaryto ensurethat disc spaceand memory-addressconsiderationswould
not inhibit run-speed.To minimise such problemswe useddedicatedfast discs
and executedthe one year run in four successive stages,designedto spread
the I/O load over multiple systems.

The computational e�ciency of the o�ine integrations, in particular where
the 
o w �eld is being updated most frequently, is critically dependent upon
the organisationof the stored 
o w �eld �les in order to optimize their access
in the o�ine runs. First, to minimise I/O speedconstraints associated with
bandwidth, the data wasdivided and distributed equally acrosseight separate
discs.Second,on each disc, a heavily branching (four level) directory tree was
establishedwith the 200,000input �les located in rapidly-searchable subdi-
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rectorieseach containing fewer than 500 �les. Without this organization, the
e�ciency of the o�ine integrationsis signi�cantly impaired dueto unnecessary
time spent seekingfor data.

5 Summary and Discussion.

We have comparedthe �delit y and run-time characteristics of a number of
o�ine eddy resolvingmodelsof a passive tracer with their online twin. Based
on our results we concludethat the o�ine con�guration of the MITgcm, as
previouslydescribed and usingthe sametimestep asthe online run, useabout
onethird of the CPU time of its online counterpart and that a further signi�-
cant saving can be madeby employing a longer timestep. For a passive tracer
we �nd there is an insigni�cant lossof �delit y in the o�ine model provided
that the time averaged
o w �elds are updated on a timescaleshorter than
the inertial period. The principal limitation to using the o�ine approach for
an extendededdy resolvingdomain or simulating an extendedperiod of time
remains the volume of forcing data (i.e. the �elds describing the 
o w) that
must be accommodated and e�cien tly read. However, we show that the time
savings mentioned above canbe maintained if the input data arecarefully dis-
tributed. This strategy allows us to reducethe wallclock time required for an
o�ine simulation of a passive tracer, faithful in detail to the online control, by
an order of magnitude in our 1

6
o North Atlantic framework. We concludethat

o�ine calculations are feasible,can be accurate,and make a very signi�cant
saving of CPU resourceseven at high resolution.

The o�ine strategy is useful for performing multiple integrations using the
same
o w �eld, for examplea suite of sensitivity studies, and as a platform
for applying the results of oceancirculation state estimates(e.g. Stammeret
al. (2003)) to tracer and biogeochemistry problems.Our study suggeststhat,
provided the appropriate strategiesfor time-averagingand I/O are used,this
is also true even for high-resolution studies with rapid temporal evolution.
We note that our test casehas focussedon the �delit y of o�ine simulations
of a passive tracer. Hencewe are con�dent that this approach will be useful
for simulations of, for example,CFCs or biogeochemical cycleswith simple
parameterizationsof biological processes(e.g. McKinley et al. (2004)). Cau-
tion should be taken in applying this approach to driving highly non-linear
ecosystemmodels,whereeven very small in�delities may be ampli�ed by the
complex biological dynamics. Further controlled studies, such as that pre-
sented here,are required to examinethe limits of the o�ine approach for that
speci�c application.
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Fig. 1. Domain. The grid hasdimensions672� 576� 21 with a sphericalcoordinate
resolution of 1

6
o. Walls to the north and south closethe basin where land doesnot

already do so. The image shown corresp:/onds to the tracer distribution at the
depth of injection (-500 m) after 1 year if integration. The Cartesian grid indicates
terrestrial latitude and longitude. The curved grid indicates the transformed grid
employed in the model.
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Fig. 2. Tracer evolution in the online model. In the upper panels is shown the
horizontal evolution of the passive tracer concentration at -500m (the injection
depth) beginning at the initialisation site in two-month increments. Beneath are
vertical sectionscentered on the instantaneousmaximum tracer concentration, their
horizontal location beingindicated by the white linesbissectingthe upper plots. The
stretched vertical scaleemphasisesthe complexity of the tracer distribution in the
near-surfaceregion where the eddy �eld and mixed-layer interact.
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Fig. 3. O�ine Tracer Evolution for Varying Timestep.
Surface(above) and vertical (below) tracer distributions (� 103) after 1 year. The
location/orientation is indicated by the white line bissectingthe upper plot in each
case.Comparisonof the plots suggestsbarely any reduction in �delit y with increas-
ing timestep.
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Fig. 4. O�ine Tracer Evolution for Varying Field Averaging Frequency. Horizontal
(above) and vertical (below) instantaneoustracer concentration (� 103) illustrating
the evolution of the passive tracer at -500m (its original depth) centered on the
instantaneous local maximum. The location/orientation of the vertical section is
indicated by the white line bissecting the upper plot in each case.We seethat for
time averaging/updating periods up to 1 and even 2 days the solution retains a
strong resemblance to the online result while for 10 and 30 days the solution is
signi�cantly degraded.The delayed-injection distribution indicates the signi�cance
of the variabilit y in the 
o w �eld in determining the evolution of the tracer.
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Fig. 5. Run Skill Comparison. The top 4 bars indicate the percentage skill, S as a
function of timestep using 6 hourly average
o w �elds. There is only a small (around
1%) di�erence in skill betweenthe longest and shortest timestep. Bars 4 through 9
indicate percentage skill as a function of time averaging frequency where a 2 hour
timestep was used.The percentage skill of the runs with time-averaging frequency
up to 2 days cluster around 97 - 97.5%.There is a 5% fall in percentage skill for a
10 day averaging period and almost 20% for 30 days. Where injection is delayed by
10 days (the bottom bar) the percentage skill has fallen still further to 75%.
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red circle corresponds to the online run. The open green circles correspond to the
o�ine runs for which the timestep alone was varied: The curve falls for increasing
timestep. The blue crossesindicate the runs for which the time-averaging frequency
is varied (timestep 2 hours). The three red stars indicate the time for three runs
using daily average
o w �elds and a timestep of 2 hours integrating 1, 2 and 4 tracer
�elds respectively. Our optimal run (the lowest red star) demonstratesthe factor of
10 speedupwe obtain comparedwith the online run.
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