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Chapter 1: A Review and Improvement of ExistingtEas
Oyster Filtration Rate Models

ABSTRACT

Crassostrea virginica, the eastern oyster, is a filter-feeding, partatéaring
bivalve currently at low numbers in Chesapeake Bagcurately describing the
filtration rate of these bivalves is essential $tuarine management and associated
efforts to understand the impact of oyster popaotetion water quality. Here, the
filtration rate equations for three existing mod@&sgrco and Noel (2005), Fulford et
al. (2007), and Powell et al. (1992)) are assestedamine how each of the models
define the maximum filtration rate and explore ¥iaeious limitation factors that
modify these maximum rates via environmental coon# that include salinity,
temperature, total suspended solids, and dissalxggen. Based on the individual
model strengths found in the model comparison alitdrature review, | determine a
maximum filtration rate of 0.17 frg’* DW day™ for a 1 g DW oyster to be a better
filtration rate, which is then modified by a coméiion of limitation factors taken
from a variety of sources. These include thosertesd by Fulford et al. (2007) for
total suspended solids and salinity, and a newgldped function to describe
temperature dependence. Differences in size apgporated by using a basic
allometric formulation where a weight exponentraltidtration rate based on

individual oyster size.



1. INTRODUCTION AND OBJECTIVES

The eastern oysteCrassostrea virginica, is a sessile filter feeding bivalve
mollusk that can be classified as an ecosystermeagi{Gutierrez et al. 2003).
According to Newell (1988), oysters filter wateraatypical rate of 0.12 fg™* dry
weight (DW) day, removing suspended organic and inorganic pastictem the
water column to affect water column clarity andriautt cycling. As autogenic
engineers (Wilberg et al. 2013), oysters, whichgregarious, form reefs by
accumulating shell, providing substrate for oytdevae settlement as well as habitat
for other organisms (Newell 1988; Chesapeake Bagriam 2009, NOAA 2007).

Chesapeake Bay was home to a productive oystaryish the 1880s before
a substantial decline, attributed to overfishingldeng the stock and dismantling the
hard substrate that oysters need. In the 1950%utbreak of MSXHaplosporidium
nelsoni) and Dermo Rerkinsus marinus), parasitic diseases, further decreased the
oyster population (Newell 1988; Kemp et al. 200BRecent modeling efforts to
consider both fishery pressure and disease presanCevirginica revealed the
abundance of oysters in Chesapeake Bay has dethyn@d.7% (Wilberg et al.

2011), greatly affecting the ecological servicest thysters provide.

Figure 1 graphs the decline in oyster abundancdilwadion capacity as
reported by Kemp et al. (2005). Using similarresties of abundance, Newell (1988)
calculated that the Yocentury oyster population could filter a volumengter
equivalent to the upper and middle of the Bay iow3.6 days. Because of declines

in the population, this estimate must be reviselduiadreds of days (Newell 1988).



Wilberg et al.’s (2013) population model of ChesgiymeBay oysters
integrates fishery related habitat changes thatathe carrying capacity of this
estuarine ecosystem. This moves us towards erhgttlerstanding of the oyster
habitat dependence and stock assessment of oystevgever, there is still a need for
model formulations that include the secondary ablthese species as ecosystem
engineers that filter the water column.

Oyster filtration is regulated by the movement iib@n the gills, decreasing
or increasing pumping and particle uptake (Newatl Bangdon 1996; Ward 1994).
The particles collected follow varying pathwayshintthe oyster anatomical system.
Particles first reach the gills, an organ also ssagy for respiration. The gills
capture particles, with varying degrees of efficigrwith greater efficiency for
particles larger than gm in diameter (Tamburri and Zimmer-Faust 1996) esén
particles can either be rejected or transferratiedabial palps, a site of further
particle sorting. Different stimuli allow for selgon of preferred particles, including
organic rather than inorganic particles. The lab#dps surround the mouth, and
deliver the desired particles to the digestivelkr@tewell and Langdon 1996;
Tamburri and Zimmer-Faust 1996; Ward et al. 1994).

Particle movement within the system occurs as #rggbes form mucous
slurries and strings and these are moved with. cHarticles that are rejected, either
due to being undesirable or in excess of the digesapacity of the oyster, are
excreted as pseudofeces (Newell and Langdon 1986buirri and Zimmer-Faust

1996; Ward et al. 1994). Particles ingested foltbevalimentary system and are



excreted as feces (Ward et al. 1994). Filtereémetits the oyster with the exhalent
current.

Numerous eastern oystéPr@ssostrea virginica) models incorporating the
feeding mechanism of oysters have been establispadning a diversity of
approaches that include the efforts of Powell e{1#192), Cerco and Noel (2005),
and Fulford et al. (2007). Cerco and Noel (200&narically model oyster growth in
terms of changes in total carbon, Powell et al9R)Ealculate population dynamics
in terms of increases and decreases in size clagsgsters, and Fulford et al. (2007)
predict filtration rates to determine clearanc@loytoplankton.

For oyster models describing bioenergetics (e.quefleet al.1992; Cerco and
Noel 2005), the filtration rate is the major deteramt of growth that in turn affects
changes in oyster biomass. In addition to beingmaponent of growth rate
formulations, the filtration rate is also indicatiof the impact oysters may have on
the ecosystem via such processes as phytoplanlgarance. Estimating the
magnitude of this impact on phytoplankton biomass focus of the oyster model
developed by Fulford et al. (2007). The volumevater and associated particles that
oysters can remove via filter feeding is of intétesmanagers in ecosystems where
nutrient pollution may lead to phytoplankton blooamsl deteriorated water quality.
Feedbacks between a decline in water quality ae@d#stern oyster are of interest to
current efforts to restore the oyster populatioth meet Total Maximum Daily Load
regulatory requirements in Chesapeake Bay (CleaeM#at section 303(d)).

All too frequently, we lack the time to thorougldyamine the dynamics of

models, even though sensitivity analyses and eapor of model dynamics are



important to understand model strengths and weaksg$-ulton et al. 2003). For
example, Brush et al. (2002) finds that phytoplanktiomass, a state variable
commonly used as currency in Nutrient-Phytoplani@onplankton-Depth (NPZD)
models, is often predicted correctly even thoudfedint models have different
formulations for the rate process of primary praduc In calculating primary
production with these varied formulations, draslycdifferent numbers are predicted
and this diversity of output indicates great quafitie uncertainty in the mechanisms
that drive primary production. In the case of eystit is especially crucial that we
provide reliable filtration rates as these formiglas are critical in linking these
organisms to the ecosystem services they providepnoving water clarity.

The objective of this chapter is to compare thrgstey models (Cerco and
Noel (2005), Fulford et al. (2007), and Powell le{(5992)) with a focus on filtration
rates. Here, | consider the oyster to be a pesiewe of the water column, assuming
no particles are released with the outflow of wafEnerefore, clearance rates and
filtration rates are considered synonymous. Theafion rates depend on both the
critical selection of a maximum filtration rate adadta-driven formulations that
describe environmental limitation factors and medsras. Comparisons of these
approaches, with further literature review, natyridads to the development of a
new filtration rate and determination of weaknegssesata gaps that can be pursued

in future empirical efforts.



1.1 Existing Oyster Models

1.1.1. Cerco and Noel (2005) Oyster Model
The Cerco and Noel (2005) bioenergetics oyster haekeribes changes in

oyster biomassd, g oyster C M) with time ¢, day) as:

i—? = [POC Consumption] — [Respiration] — [Mortality] (1)

The particulate organic carbon (POC) consumptiom is the amount of
organic carbon oysters consume and incorporatéisagidn rate that describes the
rate oysters uptake water. This rate is a funaticihe maximum filtration rate,

Frmax, @and limitations from temperature (T), salinity,(®tal suspended solids (TSS),
and dissolved oxygen (DO), which can be expressed a

Fr = Fripgyx * f(T) * f(S) * f(TSS) » f(DO) (2)
The maximum filtrationFrmy, is the maximum rate oysters can filter wate? ¢h
oyster C day). Equations for each environmental limitati&®), f(T), f(TSS), f(DO),
scaled between 0 and 1, are multiplied byRhgx. These environmental effects on
filtration are listed in Table 1 (Cerco and NoeD3)

Cerco and Noel (2005) estimate the change of opsbenass in relation to
environmental variables that affect the bioenecgeadif the oyster population. This
model approach is both similar to, and differentirthe following models, with the
main difference a focus on carbon exchange aneogsbwth in terms of total oyster
carbon biomass in a square meter, rather thamgeidual organism.

1.1.2. Fulford et al. (2007) Oyster Clearance Model
The Fulford et al. (2007) model objective is speaify targeted at

understanding the effect of oysters on phytoplamkémnoval, rather than changes in



biomass of oysters per unit area. Particle uptakgster size and particle size
dependent. The main model equations describatfdtr rate, or clearance rate, with
a formulation expressed similarly to Cerco and N@8D5) (refer to Equation 2), but
with size dependent filtration rates. This equai®
CR(iy = CRuax @y * f(T) * f(S) = f(TSS) = f(DO) (3)

whereCRyis the oyster clearance rate’gi oyster Cday') dependent on the size
(i) of the oysterCRyux) is the maximum clearance rate3g oyster Cday’) for the
oysters of sizéi), and the functions of environmental variable§(®yS TSS DO)
are limitation factors to the maximum clearance,rataled between 0 and 1 (Fulford
et al. 2007). These environmental limitation fumas are listed in Table 1.

Equation 3 calculates the filtration rate for oreelass of oyster. The mean
filtration for a population is expressed as

CRpop = X CRy * P (4)

WhereCRy, is the mean clearance rate’@ii oyster C day) of the populationCRg
is clearance rate (hg* oyster Cday") of an oyster of sizé) (g DW) andP, is the
proportion of the population that are s{Ze Phytoplankton removal can then be
calculated from the total filtration and the phymkton concentration. The filtration
efficiency is also altered depending on the patsizes with size classes of g, 2
to 4um, and >4um (Fulford et al. 2007).

This model examines the ecosystem function of alladipn of oysters rather
determining growth and changes in biomass. UnhkeCerco and Noel (2005)
model, Fulford et al. (2007) incorporates a diffeéritration rate depending on the

sizes of oysters in the population.



1.1.3. Powell et al. (1992) Population Dynamics Metl

The Powell et al. (1992) model is a size-basedenystpulation model.
Categories of oysters, such as juvenile and maiket, and the associated biomasses
(g DW) make up ten different size classes.

In the Powell et al. (1992) model, the change amding stock of oysters,
based on caloric units, is equal to the net pradaatithin the size class, additions to
the size class from the larger or smaller sizes¢lasd losses to the larger and smaller
size class. The governing equation for the chamgjee standing stocl), (calories
m) of each size clag) is:

d0)
dt

= Pgj + Pr(jy + (gain and loss from/to j — 1) + (5)

(gain and loss from/to j + 1)
WherePyg is growth energy (calories frday'), andPr is reproductive energy
(calories nif day).
Filtration rate (mL individuat min), Fr, used to determing, is formulated
as
Fr = Frax * f(S) * f(TSS)  (6)
whereFr ay is the maximum filtration rate (mL individdamin™). Fryis
dependent on the size of the oysters in each Ege and temperature. Unlike the
above models, there is (@), as it is incorporated into the maximum filtratiate.
This maximum filtration is then multiplied by linaition factors of(S) andf(TSS).
These environmental limitations are listed in TahleDissolved oxygen is not a

factor in the model (Powell et al. 1992).



The Powell et al. (1992) model is different frone tither models in that it is a
population model, where the changes in size clemsethe desired output. Secondly,
filtration rate is modeled on an individual basigher than in units of carbon.

2. METHODS
2.1 Model Comparison

Filtration rate formulations were compared amotigsithree models
previously described. This comparative effort inted identifying an empirical data
source for parameterization of each model’s filbratate, contrasting the various
limitation factors, and performing a sensitivityadysis to evaluate how simulated
filtration rates responded to variations in T, & SS.

Each of the three models'’ filtration rate equatia@se programmed in Simile
(http://www.simulistics.com/), a modeling softwarkcalculated daily filtration rates
(m*g* oyster C day) for 1 g DW oysters with monitoring data from tloever
Potomac River, a tributary of the Chesapeake Bagrevhistorical oyster reefs are
located (Maryland Department of Natural Resour@/7L

| obtained the Maryland Department of Natural Resesi (MDNR)’s 2009
monthly monitoring water data for station LE 2.2lve lower Potomac River,
pictured in Figure 2. Data used as forcing funiocluded S, T, and TSS; with DO
assumed optimal and set to a value of “1”. | iptéaited the data between sampling
time frames to avoid missing data. Moving averagesstandard deviations were
computed at two-week increments to determine amastd minimum and maximum
for each forcing function that fluctuated over #reual cycle. These values were

then used to constrain the random selection oflg d@ue for each day of the year



when field measurements were not available. Figwilows the interpolated daily
water quality for TSS, T, and S.

To evaluate the effectiveness of this method, nkerpolated data for T and S
were compared to nearby continuous monitoringatatthat included Breton Bay,
located further north of station LE 2.2, and StriwkCollege, located in the St
Mary’'s River (Figure 2). At these stations, TS®a$ measured continuously and
was therefore not included in this comparison. y&tight differences were revealed
between the continuous monitoring data and thepotated values. While using the
near-continuous monitoring data from these sha#it@s would be preferable, TSS is
critical to simulating filtration rates, necesditgtthe use of the interpolated dataset.
The interpolated values were used to force T, 8,865 for each model simulation
to facilitate the evaluation and comparison ofdilion rates under the same
environmental conditions.

The next step was to examine the sensitivity ofntloelels to changes in the
environmental variables. Model sensitivity anadysias broken into two general
approaches that included first determining howntfagnitude of forcing functions
affect filtration rate, and then testing how sewusitnodel output was to each of the
limitation factors individually.

To determine the effect of forcing function magdeul iteratively
manipulated single environmental parameters toidge dnd low values. Within the
available long term dataset, the year 2009 wastanmediate year for T and S, and a
low year for TSS. To have filtration rates fordanmhediate values of all three

environmental parameters, the TSS for 2009 wasiphiall by 1.6. This new

10



interpolated dataset was used to find filtraticleseor conditions that represented
intermediate conditions for all three variablemae@nvironmental factor at a time
was then manipulated to represent high or low \&alur example, one model run
for this sensitivity analysis would include usimgthigh T values while keeping S
and TSS forcing functions at the intermediate levied simulate the high and low
conditions, environmental forcings were multipliggifactors shown in Table 2.
These multiplicative factors were determined byneixéng means for each variable
for 1990 to 2010 for the LE 2.2 station and findfagtors to adjust the intermediate
interpolated dataset to be high or low values gmeed by the annual means.

| then compared filtration rates affected by onatition factor at a time,
assuming the other environmental factors were atirRor instance, thi€T) would
be dependent on the day of the year in the inteilatedterpolated dataset, but the
other functions of(TSS) andf(S) were set at values of “1” and held constant oler t
time frame of the simulation.

2.2. Filtration Rate Model

After comparing the models, | defined an individoaximum filtration rate
affected by T, S, and TSS limitations by searchimgliterature for empirically
measured and modeled oyster filtration rates. aBge filtration per unit weight
varies with size, literature values required noreaion for proper comparison and a
1 g DW oyster filtration rate was calculated inteaase (See Appendix A for
conversions). | then determined the maximum filbrarate for a 1 g DW oyster by
taking a mean of the published maximums, includirgge of the three compared

models.
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Because individual size can alter the filtratioteréNewell and Langdon
1996), | included allometric constraints. Oysiegesor dry weight\W, is assumed to
affect the maximum filtratiorkR, represented by the power formula:

FR=aW’ (7)
wherea; is a constant (Peters 1983) related to filtratiadb is the weight exponent
(Newell and Langdon 1996). In this caaeis the maximum filtration rate fora 1 g
DW oyster. | used a literature review to evaluatkies ofb, and used the
morphological indicator of gape area as a proxyfiftvation rate.

The general trend for bivalves is that as gapesases, filtration rate
increases. This has been documented for mussetlpdhsess filtering siphons
(Jorgensen, 1990), with some caveats describdtiéanore complicated case of
oysters that remove patrticles through their mantgesg gills (Collier et al. 1953).
Collier et al. (1953) recorded pumping rates arellshovements, finding that the
highest filtration rate occurs when the oysterampletely opened, but with some
variation from this maximum rate when the oystena@ed fully gaping. | chose to
examine the maximum of the gape areas and asspnopartional relationship to the
maximum filtration as @FR, where G is the gape area. | then solvedaf-mgV\f’,
where W is the dry weight, in which the valuebafould be applied t6R=aW,.
Newell and Langdon (1996) found that gill size pdjnally decreased as oyster
size increased, providing added confirmation thest allometric relationship is
appropriate.

Laboratory methods to determine the constantg ahdb included measuring

gape areas and dry weights for different sizedergstOysters ages 1 to 3 years old

12



were purchased from Marinetics, Inc. in CambridgB, and larger oysters, of
unknown ages, were donated by the oyster hatchdipigan State University’s
location at Jefferson Patterson Park in St. Leqndid. Five pictures of each oyster
with a ruler were taken in the same dimensionai@kand analyzed with Image-J
(http://rsb.info.nih.gov/ij/) for gape width overperiod of an hour after a minimum of
7 days of acclimation. The maximum gape width gredlength around the oyster
(excluding the hinge) measured with a string arnernwere multiplied to calculate
the maximum gaping area, as shown in Figure 4s WMass likely a slight
overestimate since the width decreases closegethitige. After measurement, |
shucked each oyster and placed the wet tissugiie-aeighed tin, dried it for at least
72 hours at 65°C, and weighed it to calculate anright. Theb exponent in the
gape area to weight relationship@# a,W’ became the exponebin FR=a\W.

After defining the individual maximum filtration terin this final stage of the
modeling analysis, | determined which limitatiomrfaulations and parameterizations
from T, S, and TSS should affect the filtrationesRIts from model analyses were
used to select the bd§TSS) andf(S) to affect the new filtration rate maximum. The
f(T) was formulated and re-parameterized based on nao@dysis and other
temperature vs. filtration rate empirical studies.

3. RESULTS AND DISCUSSION
3.1. Model Comparison
3.1.1. Maximum Filtration Rates
The maximum filtration rate of an oyster is ess@rtt parameterize as

accurately as possible in any model that uses/#iige to simulate filtration in
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relation to environmental limitation factors. Celnd Noel (2005) set the maximum
filtration rate at 0.55 rhg* oyster C daybased upon values reported by Jordan
(1987) as weight specific biodepositon rates (MdgV hr'), and the clearance rates
(L g* DW hr') measured by Newell and Koch (2004). Both of ttetadies examine
eastern oysters from the Choptank River, MD. Carwb Noel (2005) calculate
filtration rates from Jordan (1987) by dividing threeasured biodeposition rates at
varying water temperatures by the measured TSSotrations (Cerco and Noel
2005). The functional relationship between thdsation rates and temperature
reveal 0.55 mg™ oyster C dayat 27°C as the optimum value.

Similarly, Fulford et al. (2007) set the maximun0a85 n? g* oyster C day,
citing both Cerco and Noel (2005) and Newell andddon (1996), each with
filtration rates originating from the Jordan (19&mpirical data. Unlike Cerco and
Noel (2005), Fulford et al. (2007) alters this nmaxm rate by the size structure of a
population. The individugi) maximum filtration rateCRmx) (M g* oyster C
day?), for an individual of weight\; (g DW), adapted from Newell and Langdon
(1996), is:

CRmax (i) = 0.55 % (W;)™*%%  (8)
In other words, as weight increases, the maximitnation per unit weight decreases
(Newell and Langdon 1996). This is a common alltsirméunction. Metabolic rates
frequently scale with body size as a power functi@at exhibits quarter power
scaling (Savage 2004).
Unlike the Cerco and Noel (2005) and Fulford e(2007) models, the

Powell et al. (1992) model maximum filtration r&edependent on both oyster
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length, L (cm), and daily T (°C). The individug) tnaximum filtration, FRaxg (mL

individual* min?) is calculated as:

0.96
Le: TO.95

FRpax(jy = ]ZT 9)

(Powell et al. 1992). These filtration rates or&ded from a study by Doering and
Oviatt (1986), which used mesocosm experiments aifferent sizedMercenaria
mercenaria, hard shell clamsand calculated filtration based flow al@
concentration changes.

Figure 5a graphs Powell et al. (1992) individuakimaum filtration rates (mL
individual™ min®) against temperature for three different lengthsysters,
representing 1, 2, and 3 year old oysters, showicrgased filtration with increasing
oyster size. For comparison to Cerco and Noel%2@8d Fulford et al. (2007)
models, these filtration rates were converted tbibmass specific (frg* oyster C
day?) (See Appendix A for conversion), which are graphgainst temperature in
Figure 5b. With this normalization, the patterrside with filtration rate is reversed.
A 1 g DW, 7.62 cm, oyster at 27°C has a filtratiate of 0.16 mg™ oyster C day,
which is 3-4 fold lower than the 0.55°m” oyster C day filtration of the other two
models. Figure 5b also reveals that smaller ogstave a larger filtration rate per
unit size than 0.16 frg* oyster C day. This non-linear change in filtration with
size is a result of the power function in the ditton rate formulation (Equation 8).

The maximum filtration rate used for both Cerco alml (2005) and Fulford
et al. (2007) both originate from oyster studiesing theM. mercenaria maximum
filtration rate, Powell et al. (1992) suggests tmatdeled filtration rates are often too

high and unrealistic and are not continuously nzan&d. Yet, hard clams, which use
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siphons (Doering and Oviatt 1986), and easterneoystave different filtration rates.
For example, Riisgard (1988) reports oyster filmatand clam filtration rates (L Hy
asFR=6.79W " andFR=1.24\"®respectively, whert/is g DW (Riisgard 1988).

Figure 6 graphs the filtration rate in the unitsfg” organism C day for
clams and oysters using Riisgard (1988) and meddiltration rates from Newell
and Koch (2004) at 25°C, corrected for 1 g DW oBbie (See Appendix A for
conversions). Oysters have much higher filtratees than clams on a dry weight
basis. This result informs my assessment that Petval. (1992) underestimate
filtration rates simulated for oysters, a finditgt conflicts with their conclusions.
3.1.2. Environmental Limitation Factors

The maximum filtration rates are affected by envimental limitation factors,
each listed in Table 1. These limitation factoxdude temperature, salinity, TSS,
and dissolved oxygen, which are normalized to fji&etions between 0 and 1 and
multiplied by the maximum filtration rate.

3.1.2.1. Temperature Limitation Factors

Oysters prefer higher temperatures for filtratidn.a temperate climate,
oysters are exposed to a broad range of water ratopes, which can have a great
impact on filtration. Cerco and Noel (2005) andféwal et al. (2007) employ the
same function of temperature,f¢F), as listed in Table 1 and graphed in Figure 7.
Cerco and Noel (2005) formulate tt{€) by comparing filtration rates with
temperature from the Newell and Koch (2004) andaio (1987) studies, and

Fulford et al. (2007) acquire thé{iT) from Cerco and Noel (2005).
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The Powell et al. (1992) model has temperatureasygonent of the
maximum filtration equation, as described previgwsid adopted from the study by
Doering and Oviatt (1986), thus there is no stamuaf(T). The weight standardized
filtration rates (M g* oyster C day) (See Appendix A for conversion) for 1 g DW or
7.62 cm oysters are graphed against temperatiiigume 7. Unlike the other
models, the Powell et al. (1992) model does noelssecrease in filtration at higher
temperatures. Rather, rates increase near lineBrigdicted filtration rates vary from
0 to above 0.2 tg™* oyster C day, over a range of realistic water temperatures
(Figure 7).
3.1.2.2. Salinity Limitation Factors

Thef(S) selected for each of the models illustrates threegd mechanistic
response of oysters where higher salinities faigindr filtration rates. These salinity
limitation functions are listed in Table 1, andyw&om a single equation to stepwise
functions. A comparison of the functional formtbése limitation formulations is
graphed in Figure 8.

The salinity limitation functions for each modeéaterived from different
sources. Cerco and Noel (2005) adopt a formulaifd(t) found in other parts of
the Chesapeake Bay Environmental Model Packagetimh the oyster model is a
component, parameterized using the functional respavith salinity reported by
Loosanoff (1953). Powell et al. (1992) also citeokanoff (1953), where filtration
begins decreasing below a salinity of 7.5 and cebskw a salinity of 3.5. Powell et

al. (1992) then formulatef@S=0 for S less than 3.5, f¢5)=1 for S greater than 7.5,
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and a linear increase froff5)=0 tof(S=1 between the salinities of 3.5 and 7.5.
Fulford et al. (2007) cite R.I.E. Newell’s unpulvled data.

The models differ most in the mid-range salini(#sl2) where the increase
from af(S)=0 to af(S)=1 occurs, shown in Figure 8. The model differerafabese
mid-range salinities are notable at a salinity oividiere Cerco and Noel (2005)
predict af(S=0.27, Fulford et al. (2007)f§S5)=0.51, and Powell et al. (1992) a
f(§=0.86. This near three-fold difference in predicted lirtita effects deserves
additional study.

3.1.2.3. Total Suspended Solids Limitation Factors

Very high and very low levels of particulate loadT&S decrease filtration.
TSS consists of both inorganic and organic pagjaded oysters feed on the
phytoplankton that make up a portion of these drgparticles. Low TSS indicates
there is low availability of phytoplankton, so ostst decrease their feeding activity
(Cerco and Noel 2005). At higher TSS levels, theag be physiological issues that
decrease filtration (Loosanoff 1962) such as cloggif the gills (Newell and
Langdon 1996).

The models’ variou§TSS) equations are listed in Table 1 and graphed in
Figure 9. Cerco and Noel (2005) use the Jorda@7)1Biodeposition rates measured
under varying TSS to formulate a general stepwisetfon. Fulford et al. (2007)
formulatef(TSS) using results from Loosanoff (1962), which exarditiee effect of
different concentrations and types of seston oriilination of Long Island Sound
oysters. Fulford et al. (2007) also cite Newelll &ilangdon (1996), who describe

clearance rates that increase until TSS reachesg abang L, a conclusion that can

18



also be drawn from analyzing Jordan (1987) datavef et al. (1992) formulate the
f(TSS) using Loosanoff and Tommers (1948), which is aflarticle on silt effects on
feeding, expanded upon in Loosanoff (1962), whiehFulford et al. (2007) model
cites. In general, these studies all appear tertpn a few experiments that
indicate minimum and saturating bounds to ratd#tcdtion in response to
suspended particle concentrations.

As seen in Figure 9, Fulford et al. (2007) and Gened Noel (2005) have
similar responses of filtration to TSS up to a @nteation of 25 mg T, at which
point the two functions diverge. Cerco and No@0®) eventually predicts a value of
0, while the function of Fulford et al. (2007) lév@ut around a value of 0.4.

Powell et al. (1992) do not have a low TSS negbtiaéecting filtration like
the other models (Figure 9; Table 1). Rather, tssya logarithmically decreasing
function, eventually mimicking that of Fulford dt €£007) at higher TSS levels. The
differences among all three models fi@rSS) is highlighted in Table 3, where
different levels of TSS can have very differentammes of(TSS) depending on the
model used.

3.1.2.4. Dissolved Oxygen Limitations

Oysters prefer higher levels of dissolved oxyfprfeeding (Fulford et al.
2007; Cerco and Noel 2005). The Fulford et al0@Gand Cerco and Noel (2005)
models include dissolved oxygen limitations. T{i&O) equations for the two
models are similar in formulation but differ in pareterization as listed in Table 1
and graphed Figure 10. Cerco and Noel (2005) &mo&quation from their benthos

model to formulaté(DO), while Fulford et al. (2007) parameterized tHdDXO) using
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the study by Bayne (1971 a and b), which examihedésponses of bivalve
mollusks to dissolved oxygen.
3.1.3. 2009 Filtration Rate

The daily filtration rates for the three models eigraphed for comparison in
Figure 11, all showing a pattern of increaseddilon during warmer months. The
yearly pattern for Cerco and Noel (2005) and Fulfetral. (2007) are quite similar,
with variability in the daily simulated output rang between 0 and maximum
values. In contrast, Powell et al. (1992) is sambsally different than the other
models, having 3-4 folds consistently lower filiogitin the summer months and
substantially less variability. The extremes iadicted filtration rates in the late
spring and summer months for all the models aedylidue to variability in the
salinity forcing function.

| summed the daily filtration rates to obtain theat 2009 filtration (Mg
oyster C), listed in Table 4. The total filtratitor the Powell et al. (1992) model is
about half that of the Cerco and Noel (2005) totss. shown in Figure 11, the Powell
et al. (1992) model has higher filtration in th@ley months than the other models, so
even though the maximum rate is 3-4 fold less tharother two models, the yearly
filtration for Powell et al. (1992) is only abouff@ds lower. In terms of uptake
capabilities, this may not result in more uptake tlulow food patrticle
concentrations associated with these cooler months.
3.1.4. Model Sensitivity Analysis

Two types of sensitivity were run with the threedals, the first altering one

environmental variable to be “high”, “intermediat@hd “low” levels, while keeping
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other variables constant, and the second multiglgime environmental variable at a
time by the maximum filtration, assuming other atinds were optimal.

Sensitivity to these changes varied for the modefgending on the environmental
parameters tested. The main findings from theitieity analysis are listed in Table
6 for temperature, salinity, and TSS, and furthgr@ned here.

3.1.4.1. Temperature

Higher temperatures increased the filtration fonaddels, as expected from
thef(T) definitions (Table 1). However, when temperaisr®o high, the Cerco and
Noel (2005) and Fulford et al. (2007) models exhabdip in filtration, as depicted in
Figure 12, which graphs the results of manipulatiregfield-based environmental
forcing conditions to reflect low, intermediate damgh conditions for the Fulford et
al. (2007) model.

3.1.4.2. Salinity

For Powell et al. (1992), there are only slighteténces with changes in
salinity. However, low salinity decreases filtoatifor both the Fulford et al. (2007)
model and Cerco and Noel (2005) models as showigure 13 that graphs the
outcome of altering the forcing conditions.

To further isolate the effect of salinity on maximdiltration, Figure 14
examines the effect of this limitation factor oltr&ition rates while keeping the other
factors at an optimal value of “1”. It is cleaathow salinity affected filtration
between days 100 and 200 for the Fulford et aD72@nd Cerco and Noel (2005)
models. The limiting effect of salinity is greater Cerco and Noel (2005) due to the

steeper slope frorffS=1 tof(S=0 in the salinity limitation equation. This coasts
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with a second period of low§S) between days 300-365 for Fulford et al. (2007) tha
lowers filtration, which does not appear in thedicgons of Cerco and Noel (2005).
Thef(S) slope for Fulford et al. (2007) affects a widenga of salinities, and during
the days of 300-365, Cerco and Noel (2005) consitter S optimal and Fulford et al.
(2007) does not.

3.1.4.3 Total Suspended Solids

When TSS was altered to be low, medium, and higivel et al. (1992)
demonstrates a cledecrease in filtration with the increase in TSSy@r¢ 15), where
the filtration rate for a 7.6 cm oyster is plott@cer the time period of the simulation.
Cerco and Noel (2005) and Fulford et al. (2007 wshanimal changes in filtration
rate in response to the TSS levels forced in ihisilgtion exercise. WhelfTSS) is
only multiplied by the maximum filtration, some iasility between Cerco and Noel
(2005) and Fulford et al. (2007) are seen as showime sensitivity results in Figure
16. Generally, the TSS is in the optimal rangebfath the Cerco and Noel (2005)
and Fulford et al. (2007) models, but there areesdays with suboptimal TSS levels.
These suboptimal days are more frequent when tlsefdTSS) provided by Cerco
and Noel (2005). In this instance, the subopti&® levels are created from TSS
concentrations that are at the lower thresholthef(TSS) functions, and the
difference between the number of days between thaets was due to Cerco and
Noel (2005) encompassing concentrations less thag B in the low range while

Fulford et al. (2007) has low concentrations as taan 4 mg I* (Table 1).
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3.2 Filtration Rate Model

3.2.1. Individual-based Maximum Filtration Rate

The three models | assessed are examples ofifilredtes in the literature,
but other filtration rate empirical studies and migdvere also explored to more fully
determine what might be the best way of simulatiig process in oysters. A
compilation of this literature review is presentedable 5, listing those studies and
models examining oyster filtration, including a gerof filtration rates (fhg™”* oyster
Cday), maximum filtration rates (g’ oyster Gday™) corrected for 1 g DW
oysters (See Appendix A for conversions), the \dei@xamined in the study, and the
method of measurement.

The three models and the studies listed in Talbépbrt a range of 0.08 to
0.54 for 1 g DW oyster maximum filtration rates’(gt oyster C day). This is an
extraordinarily wide range of values. Some of trasation may be attributed to the
way the filtration rate is measured. Ideally, thethods should be similar as different
methods can result in different calculated filimatrates, making comparisons of
filtration rates problematic (Riisgard 2001). Thest common approach to measure
filtration is to examine changes in concentratiohparticles. Also, changes in light
attenuation, measured with irradiance sensors, beee used as an indicator of
feeding activity (Newell and Koch 2004). The oldandies in Table 5 (Loosanoff
and Nomejko 1946 and Loosanoff 1958) used a kynpdgnahich is a recording
mechanism that marks each time a certain volunveatdr is pumped by an oyster

(Loosanoff and Engle 1947).
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Another issue is that most filtration rates are sueed in the lab, buh situ
measurements may be different. Grizzle et al. §2@8und that filtration rates in the
field were comparable to the Powell et al. (199%) Riisgard (1988) models, but
more variability was found in the field, so theerat situ may be lower on average.

To find a maximum filtration rate for the purposdghis modeling effort, |
calculated the mean maximum rate from the sourc@sible 5 and the three models
used in the comparison, excluding Comeau et a08pPthat experimented with low
temperatures and Gerritsen (1994), which lookduvailves in general. This mean
rate is calculated to be 0.34 gi* oyster C day for a market sized, 1 g DW oyster,
comparable to the maximum rate in Riisgard (1988&p(e 5). For simplicity in
modeling oyster filtration, this rate is translateain per g oyster C to per g DW (See
Appendix A for conversions), converting the filicat rate to 0.17 fig* DW day™.

Gape is assumed to be related to filtration, ashetérmine the weight
exponentp, in the equatiorPFR:aV\/’ from the relationship of dry weight and gape
area, as graphed in Figure 17. Using a nonliresestisquares model in R
(http://www.r-project.org/), the fitted model @ =501.764\°*®%2 also graphed in
Figure 17. The calculated weight exponénis thus 0.65, which is comparable to
other allometric exponents found in the literatuewell and Langdon (1996) report
a value of 0.67 for oysters, originating from thk groportion of the oyster, which
decreases with oyster size. Rissgard (1998) réiperxponent to be 0.73+0.22.
Fulford et al. (2007) also adjust filtration rate @ weight basis (Equation 7). The
exponent is negative in this case in order to hhediltration rate on a per weight

basis of M g* oyster C dayrather than rhday’. This formulation is also common
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in the metabolic theory of ecology in which the empnt b has been found to fall
betweerf/; and 1, with’/, being the standard and theoretically derived végiely et
al. 2013; Brown et al. 2004; Savage et al. 2004).

From these findings, the maximum filtration forntida of FR=aWP is
parameterized using a value of 0.65 for the weggipbnentb, and the constastis
defined as the maximum filtration rate, 0.17gn DW day". This can be used to
determine the filtration rate of an individual oéight, W (g DW).

3.2.2. Limitation Factors

| assessed the limitation factors for which funesichould be included in the
new model. For this model, DO is assumed optimdlia not incorporated. The
model comparison resulted in my conclusion thaténeperature function needs to
be modified from the Cerco and Noel (2005) anddrdleet al. (2007) models. These
models have very low filtration in the winter mostéind high filtration in the
summer, while Powell et al. (1992) has more filmatduring the winter months than
the other models. According to Comeau et al. (2Q08ble 5), at low temperatures,
there should be some filtration. This is bett@resented by the Powell et al. (1992)
predictions. Upon examining the filtration ratedctlated by Cerco and Noel (2005)
from the Jordan (1987) study, which Cerco and N@@05) used for their
formulation and parameterization of equations, engséxhibit a slightly higher
filtration rate than Cerco and Noel (2005)%) approximated at lower temperatures.
Thef(T) is set to go to essentially O in the winter morirgshe models, but there is

some filtration that continues to occur. On theeothand, this filtration change may
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not lead to drastic uptake changes because fdodiied in the winter months as
well.

Given these considerations, | parameterized afiBywusing the Cerco and
Noel (2005) and Fulford et al (2007) formulatiom @), for simplicity here referred
to as Fulford et al. (2007). Figure 18 graphsf(fefor Gerristen (1994) (Table 5),
which reports general bioenergetics bivalve equatiand Fulford et al. (2007).
Figure 18 also shows Loosanoff (1958) (Table Bjdfilon rates, dependent on
temperature, translated into fractions of the maxmrate. Upon examining these
studies, each with varying temperature functiolnef(fl) formulation was re-
parameterized to give a nd{@) for the new model, also plotted in Figure 18:

F(T) = o (=0.006+(T-27)?) (10)

Fulford et al. (2007) limitations for S and TSS Ifleal) will be incorporated
in the new model. Roger Newell, an experiencedenyscientist, per personal
communication with Fulford et al. (2007), set tladrsty limitation. Thisf(S)
captures more variability in filtration from salipichanges, and there are less drastic
decreases in filtration, which occur using the Geand Noel (2005) model for
salinities of 7 to 10.

The Fulford et al. (2007) TSS limitation comlsribe better components of
the limitations of Cerco and Noel (2005) and Powehl. (1992). There is no
filtration at very low concentrations, in agreemetith Cerco and Noel (2005), but it
also incorporates a logistic decrease at highecergmations, similar to Powell et al.
(1992). High TSS can significantly decrease theafion rate (Table 1; Figure 9),

but this was not seen in the sensitivity analysitha TSS did not reach these levels.
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The Fulford et al. (2007) model’s use of a logarith function after 25 mgt,
reaching d(TSS) of about 0.4 for the higher TSS levels, would degs drastic
effects on filtration than the Cerco and Noel (200@®del (Table 1; Figure 9).
3.2.3. Model Equations
Combining all the elements of the above analysgisttoer, and assuming there
is no limit on oxygen, results in an amended filtna rate modeFRg (m® oystet*
day") that includes limitation factors for T, S, andS®r individual(i) of weight, W
(g DW):
FRy = 0.17 + W5 « f(T)  f(S) * f(TSS) (11)
The environmental limitation equations include:
f(T) = e(0006=r=277%) - (12)
£(8)=0 when S<50.0926 * S — 0.139 when 5S<12; 1 when S>12  (13)
(Fulford et al. 2007)
f(TS$)=0.1 when TSS<4 mgt; 1 when 4TSS25 mg L (14)
10.364 * log (TSS)~2°477when TSS>25 mg L
(Fulford et al. 2007)
4. CONCLUSION
The Cerco and Noel (2005), Fulford et al. (2007y Rowell et al. (1992)

models are similar and different in their definisoof filtration rates, each with their
own strengths and weaknesses. With this variefytidtion rate models comes the
opportunity to entertain a “Goldilocks” assessmeatecting the best aspect of each

formulation to promote evolution of our ability better model oyster filtration rates.
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Cerco and Noel (2004) and Fulford et al. (2007) higth maximum filtration
rates in comparison to other literature values)eMAbwell et al. (1992) had a
relatively low maximum filtration rate, which waaded on clams, not the eastern
oyster. Fulford et al. (2007) had the least dcasfiects from S and TSS changes, in
comparison to Cerco and Noel (2005). Fulford e(2007) and Cerco and Noel
(2005) did not capture winter filtration with théfir), while Powell et al. (1992)
showed higher filtration in the cooler months.

Accurate filtration rates are imperative to undemsling the impacts oysters
can have on water quality, thus analysis of thesdats allowed us to delve into
which components are best. From analysis of thesiels and a thorough literature
search, | conclude this study by proposing a marirfiliration of 0.17 m g* DW
day* for a 1 g DW oyster.

This filtration rate should then be limited by an&T) (Equation 10), to
account for more winter filtration, and the Fulfadal. (2007) limitation factors of
f(TSS) andf(S), listed in Table 4. Along with a weight componeahese components
make up a new filtration rate model (Equations 4)1-1n the next chapter, this
filtration model will be combined with a particleaatel to calculate the particle

capture capabilities of oysters.
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Table 1 Environmental limitation factors for temperatf@)), salinity (), total

suspended solid§(TSS)), and dissolved oxygef(DO)) for the Cerco and Noel

*f(S) came from

(2005), Fulford et al. (2007), and Powell et a@42) models.

Powell et al. (1994).
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Table 2: Sensitivity analysis scaling factors. These facteere multiplied by the
dataset used as forcing functions in the modetatesyearly environmental variables
to be low and high.
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Table 3. Model comparison of calculaté(rSS)s for different TSS levels.
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45.51
56.96
22.59

Table 4. Model total yearly filtration rates (hy™ oyster C) for 2009 found from
summation of daily filtration rates.

36



0.02-0.07| 1.38 g DW Change in algal cel
using a Nebauer
chamber
0.01-0.12| 77-84 mm 0.12* Change in particles TO0-9°C
(1.1 g DW) using a Coulter Counter
0.24 1gDW 0.24 Literature search NA
0-0.48 36.1 mm 0.30* In situ cholropyll-a None
(0.19¢ changes
DW)
0.13-0.40 0.211- 0.28* Change in algal cells| food content
0.422 g using a Coulter Counter
DW
0-0.39 100-110 | 0.47* Kymograph T 2-38 °C
mm (1.99 g
DW)
0.32-0.46| 4inches| 0.54* Dockside kymograph| tide and ligh
(1.87g
DW)
0-0.46 1gDW 0.46 Interpretation of Jordan ~ NA
(1987)
0.04-0.46| correctedto 0.46 Change in light T 15-25°C
1gDW measurements
0-0.26 | corrected|to 0.26 Change in algal cells| light and food
1gDW using a Coulter Counter type
0.33-0.69 0.063- 0.33 Change in patrticles NA
0.994 g using a Coulter Counter
DW

() Calculated dry weight

* Calculated 1 g OMfation
Table 5. A review of oyster filtration ratesThis table compiles filtration rates from
a number of studies and includes the study’s oitafiiltration rate (M g™ oyster C
day’), oyster size, filtration rate standardized forgelW oyster (Mg~ oyster C
day?), method used to measure filtration rate, angptirameter tested in each study.
Calculated dry weights and standardized filtratites for 1 gram oysters are listed
in parenthesis and indicated by a star respectively
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Parameter

Sensitivity Key Findings

T

Increases in T cause increase in filtration fonadidels.
Cerco and Noel 2005 and Fulford et al. (2007) reade in
filtration when T increased.

Decreases in S decreased filtration for Cerco amel [2005) and
Fulford et al. (2007).

Cerco and Noel (2005) had more dramatic decreasesldéw S.
Fulford et al. (2007) catches more variation inngiag filtration
when S was low.

TSS

Powell et al. (1992) has decreased filtration wittreased TSS.
TSS mostly stayed in the optimal range, even wittenea, so
only slight difference seen between Cerco and Kz@#)5) and
Fulford et al. (2007).

Table 6.Key findings from the sensitivity analysis of ther€o and Noel (2005),
Fulford et al. (2007), and Powell et al. (1992) misd
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Figure 1. The harvest of the eastern oyster in Maryland\4nginia from 1880-
2000 and the days it would take to filter a volueggivalent to that of Maryland’s
portion of the Bay (reproduced from Kemp et al. 20@dapted from Newell 1988).
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Figure 4. Laboratory length and maximum gape width measurésm
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Cerco and Noel 2005 and Fulford et al. 2007
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Figure 7. Model temperature limitation functiond.hef(T) for the Cerco and Noel
(2005) and Fulford et al. (2007) models, and theéticet al. (1992) model’s
temperature dependent weight based filtration (rafey™ oyster Gday") for a market
sized oyster.

45



1.0 + _7
/
0.8 A /
5 o0 :
c iy
S 4
L 0.4 s/
4
sl
0.2 - ol Cerco and Noel 2005
s = = = Fulford et al. 2007
s | esssseee Powell et al 1992
0.0
0 5 10 15 20

Salinity

Figure 8. Model salinity limitation functions. ThgS) over different salinity ranges
for the three different models.

46



1.0 A
o Cerco and Noel 2005
.o. \ o= e« == Fylford et al. 2007
0.8 - \ eeeeeeee Powell et al. 1992
\\
061 T S
(D ....... \~
N 0...... ~§
L X XYY -
L_/ oooo.......?“~~
T 04 S TV n o
0.2 -
0.0 -
0 20 40 60 80 100 120

TSS (mg L™)

Figure 9. Model TSS limitation functions. THETSS) over different total suspended
solid ranges for the three different models.

47



0.8 -
=
)
(o))
< 06 -
5 0
§o)
@
3 0.4
O . -
@ Cerco and Noel 2005
e e == e [Fulford et al. 2007
0.2

00 f==——

Dissolved Oxygen (mg L™)

Figure 10. Model DO limitation functions. ThEDO)over a range of dissolved
oxygens for the Cerco and Noel (2005) and Fulforal.g2007) models.

48



+  Cerco and Noel 2005
Fulford et al. 2007
=  Powell et al. 1992

0.6
‘_IT\
>
S 05
@)
Jai
n 0.4 -
)
(@)
g 5} %
> 0.3 1 b0 |
£ ®
~ -
o) i %
£ 024
£ 0.2 . %
S B V++ . g
T 0.1 A 1o ‘#;u.m '
E hq" l.l.
0.0 o, 4 z
O O O O O O
'\\Q '\\Q ,\\Q '\\Q QQ ,\\Q
'\\Q ’]>Q rb\Q &Q <O\Q (_O\Q
Q Q Q Q Q Q Q

Figure 11.Simulated 2009 biomass specific daily filtratiotesa(n? g* oyster C
day?) for each model.

49



o
o

3 05 | *  Low
8 ' Intermediate
[}

» 0.4

=

o

2> 0.3 -

£

Q

© 0.2 -

o

c

je)

[

E

200 300

Day of Year

Figure 12. Sensitivity results of daily simulated filtratioates (ni g* oyster C
day?) for the Fulford et al. (2007) model at three levaf T.

50



o
o

0.5 - * Low
Intermediate
O High

Filtration Rate (m® g™ oyster C day™)

(@
[ %@

0 100 200 300

0.6
* Low

0.5 7 Intermediate
O High

0.4

0.3 1

o
N
1

Filtration Rate (m* g™ oyster C day™)
o
H

0.0 @ ;
0 100 200 300

Day of Year
Figure 13 Sensitivity results of daily simulated filtratioates (M g* oyster C day)

for the (a) Cerco and Noel (2005) and (b) Fulfardle(2007) models at three levels
of S.

51



o0
05 A ‘et ¥
o) °® s
R ° o
X > ] b o o
g _fg 0.4 L4 ®
kS © ® o %
S5 O
= = 0.3 1
é HO [} ...
-kE mm 0.2 4
n E
“g_), = [ ) .b °
°
0.1 1 o®
A ®e *
°® (1) °
0.0 V) | N ,
0 100 200 300
Day of Year
0.6
* g [ [ »
o 9% °
0.5 ° [ 7Y Ve " ]
o o o -
R e . &
°‘§ 0.4 - *%., *
_5 O g ol .V'
g 5 ‘o.. ..o‘
g L 031 :' .?0
i 2 \ Y °
o we °
(>éH e ... [ ]
-kzmc) 0.2 - ..q.‘ [ )
nE
0.1 A B
0.0 r—e@-08 . ;
0 100 200 300
Day of Year

Figure 14. Sensitivity results of salinity influenced siratéd filtration rates (fhg*
oyster C day) for the (a) Cerco and Noel (2005) and (b) Fulfetal. (2007) models.

52



Low

*

Intermediate

(@)

0.14

0.12 -

T
o
—
o

AH.\QU 0 EHw\AoH-@ mEv aley uoneu|i4

0.06 A
0.00

300

200

100

Day of Year

Figure 15. Sensitivity results of daily simulated filtratioates (ni g* oyster C

day?) for the Powell et al. (1992) model at three lewvaf TSS.

53



0.6 .---J

0.5 A1
0.4 1
0.3 -

0.2 1

f(TSS)*Max Filtration Rate
(m® g™ oyster C day™)

0.1 ~
A o0 emmwen

o.o T T T
0 100 200 300

Day of Year

0.6

0.5 A

0.4 A

0.3 A

0.2 A

f(TSS)*Max Filtration Rate
(m® g*oyster C day™)

0.1 -
o om0

0.0 T T T
0 100 200 300

Day of Year

Figure 16.Sensitivity results of TSS influenced simulatettdilion rates (rhg™
oyster C day) for the (a) Cerco and Noel (2005) and (b) Fulfetal. (2007) models.

54



Maximum Gape Area (mm?)

Dry Weight ()

Figure 17. Laboratory dry weights and maximum gape areastagower function
model fitted to the data.

55



1.2

f(Temperature)

0 10 20 30

Temperature (T)

——— Gerritsen (1994)

° Loosanoff (1958)
------------ Fulford et al. (2007)
New f(T)

Figure 18 Comparison of temperature limitations, includihgf(T) found in
Gerristen (1994), Fulford et al. (2007), and Loast(11958), and the neWT).

56



Chapter 2: Coupled Filtration Rate and Particle Meds
Indicators of Supportive Oyster Reef Sizes

ABSTRACT

Restoration and aquaculture are amongst the maregestrategies used to
increase populations of the filter-feeding eastgrster, a depleted resource in
Chesapeake Bay. The concentration of chloropimytiyster filters from the water
column depends on both the individual filtratioterand the phytoplankton
concentration of the overlying water. Particleiklality to suspension feeders has
been documented to decrease from the leading ddbe eef and create decreasing
concentrations near the reef in comparison to Weelging water column. Here, two
particle hydrodynamic models are used to accourthise patterns, one describing
advective flows, and the second and more compledefhiacorporating vertical
diffusion and changes in velocity with water coluheight. A filtration rate model is
then coupled with these two different particle medeAdditional model complexity
generates lower uptakes for the advection-diffusmmael. Simulated results when
using the advection-diffusion model indicate looegties and high oyster densities
lead to greater particle depletion. The use ofittration rate model and the
advection-diffusion particle model would be benigdiéor both improving current

models and determining sustainable reef sizeskioration and aquaculture.
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1. INTRODUCTION

Suspension feeders are important regulators obphgkton in aquatic
ecosystems. Since these organisms are restrictadvement, feeding is dependent
on both the individual filtration rate and delivesfyphytoplankton particles to each
organism. Environmental parameters such as sglieinperature, and total
suspended solids (TSS) affect the rate at whicketloeganisms can filter the water
column. Hydrodynamic conditions around a reef fatguparticle transport, leading
to changes in food availability or particle concatibns that may result in feedback
effects on the filtration rate.

Phytoplankton concentrations above a bed of fikeders depend on physical
conditions of the water column and the effectshefarganism itself in removing
particulate organic matter. Particle gradientsemis have been documented in many
studies, especially those focusing on mussels, widlely reported findings of
downstream reduction of particles (Wilson-Oromohdle1997; Butman et al. 1994)
and depletion near the bed in comparison to tha@nyg water column (Butman et
al. 1994; Jones et al. 2009; Petersen et al. ZBdi3el et al. 2013; Wildish and
Kristmanson 1984; Frechette et al. 1989). Theorahof particles by upstream
organisms combined with the magnitude of the wateelocity create these patterns,
reducing the food availability to benthic feederdlier from the leading edge of the
reef.

The work of Butman et al. (1994) illustrates thé&gras of hydrodynamic
conditions and particle changes around mussela. fllime experiment, Butman et al.

(1994) measured fluorescence as a proxy for phgtdgpbdn concentration, sampling
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the water column at locations up- and down-strebenleed of mussels under average
flume velocity conditions of 5 cnmi'sand 15 cm$. Velocity varied with water

column height and decreased toward the mussekbeating a velocity structure
following what is called the law of the wall, wherelocity decreases logarithmically
toward the substrate (Clauser 1956). The rangelotities along this vertical

profile was greatest for the faster (15 ¢ fume conditions due to this logarithmic
change. For two experimental runs, ambient phgtgbn concentrations were
used, while in a third experiment, cultured phy&miiton were added, thus increasing
initial concentrations of particles. The experimesing cultured additions of
phytoplankton produced results that were easiamtéospret. Regardless of flume
velocity conditions, fluorescence decreased dowastry with a significant difference
in concentrations between the upper water colundantlaa lower water column. For
the higher velocity, measurements with a laser Daypgelocimeter (LDV) supported
the observation that turbulent stress areas inedei@sheight with distance
downstream, here as a result of bottom roughnedgating the growth of a
boundary layer.

A boundary layer is an area where conditions neasubstrate are different
than the overlying water column. Turbulence, viéyochanges, and biological
effects can create these layers. Here, my referenboundary layers should be
understood as a concentration boundary layerhigncese, phytoplankton
concentration is depleted in comparison to the abwater column as a result of the
velocity gradient and benthic feeding. From treeliag edge of the reef, the

thickness of this depleted layer increases in @z Wildish and Kristmanson 1984).
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Understanding the relationships among suspendeidipatoncentrations,
hydrodynamic conditions, and feeding rates is irtgrdrto informing our knowledge
of the factors that affect feedbacks between shleldnd the aquatic ecosystem.
Numerical modeling provides one tool for explorthgse mechanisms. Most
published models (Frechette et al. 1989; Petersah 2013; Simpson 2007)
describing particle gradients have been appliedussels, but this approach has been
limited for oyster reefs. In the Chesapeake Bag dastern oysteCrassostrea
virginica, is of interest in modeling efforts as part oftoeation. The eastern oyster
has declined from historic levels by 99.7% in thee€apeake Bay (Wilberg et al.
2011), greatly affecting the ecological servicesvated, and also leading to a decline
of the oyster fishery. Furthermore, the Chesap&alkehas faced an influx of
nutrients, concurrently degrading the water qualityh decreasing oyster populations
(Cerco and Noel 2007). Today, there is a largmrason effort underway, as well as
an increase in aquaculture to restore both theedahdustry and improve water
guality. Restoration efforts are being led by sagdanizations as the Chesapeake
Bay Foundation (/www.cbf.org/oysters) and the OyBtecovery Partnership
(www.oysterrecovery.org/). To datg, virginica models have focused on simulating
oyster bioenergetics and growth (Cerco and Noeb20@rco and Noel 2007), oyster
standing stocks (Powell et al. 1992, Wilberg eR8I11), larval transport (North et al.
2008), or the capacity of oyster populations tiefithe water column and affect
nutrient concentrations (Fulford et al. 2007).

Developing models that accurately describe partolecentrations across an

oyster reef is fundamental to defining the foodilabdity for existing, restored, or
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farmed oysters, thus giving insight to the uptakeabilities of an oyster at a specific
location. These models can also help to ensueefadoes not face large particle
gradients.

As suspension feeders, oysters depend on the orgeatier that makes up a
portion of the suspended material that is trangplootver a reef for feeding and
growth. Models calculating filtration and particlptake often do not include
hydrodynamic processes, including those develogegddico and Noel (2005),
Fulford et al. (2007), and Powell et al. (1992).these models, particle uptake is
determined by multiplying an average, “ambient’tjgée concentration by the
predicted filtration rate, without accounting farasial changes of particle
concentration across the reef. Therefore, thesielmonay overestimate particle
uptake, and often do not account for particle depls away from reef edges.

The goal of this study is to establish a partiggealle model, accounting for
phytoplankton gradients that are evidenced in o#r@pirical studies of clustering
filter feeders (Butman et al. 1994; Jones et &d2@etersen et al. 2013; Saurel et al.
2013; Wildish and Kristmanson 1984; Frechette e1289). | couple an oyster
filtration rate model with two different particleadels of varying complexity, one
incorporating horizontal, advective flows, and siseond incorporating advective and
diffusive vertical flows. The objectives of thisogheling effort included assessing the
impacts of increasing model complexity, formulatanghodel that predicts better
oyster particle uptake in relation to hydrodynafoicings, predicting where along a
reef food limitation may occur, and presenting thisdel as a tool for planning

restoration and aquaculture strategies.
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2. METHODS

| established two particle models for use in confiom with an individual-
based filtration rate model. The first particledebadds advective flows, while the
second, more complex model includes advectionicadiffusion, and water
column height-dependent velocity. Particle uptatas calculated using both models
to assess the impact of added complexity, andiadditsimulations were run with
the more complex, advection-diffusion model. Madskre coded and simulations
were run using Matlab R2012a, and these prograemmaealuded in Appendix B.

2.1. Modeling Overview

The general objective of this study was to creatgled physical-biological
models describing the transport and uptake of gastiacross an oyster reef. |
developed conceptual models to describe the tweetimgdapproaches, pictured in
Figures 1-3. The first diagram includes advectioes in the horizontaly, direction
(Figure 1), and the second has additional diffufiows in the verticalg, direction
(Figure 2). Details describing fluxes for gridlseh the vertical direction in the
advection-diffusion model are provided in FigureEach of the models requires
specification of grid cells to simulate flow and vement of particles in space. Flow
was unidirectional for a 1 meter wide section @fr@nd divided into grid cells
lengthwise, each with a length @X, in thex direction, parallel to the flow. For the
second model that incorporates diffusion, grid psimere also included in tlze
direction, each with a height d& (Figure 3). The depth of the water column was kept

at 3 meters for both simulation frameworks.
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Sizing of the grid cells was kept small enouglkensure stability of the steady
state solution. Having the grid cells small enougtbits mathematical oscillations
and unrealistic results, which can occur when tiek ¢ell size is too large. The
stability criteria set for the advection model reqd thatdx < (0.5u,,,-h)/FR
whereFR s the filtration rateuy, IS current velocity, ant is water column depth.
Mimicking the method of Hornberger and Wiberg (20@be stability criteria for the
advection-diffusion model was setda < (dz%u,)/(5K, ), whereu, is the velocity
at a given heightz, andK; is the diffusivity atz. Keeping these limits in mind, the
grid sizes for all simulations were smaller in dizan the stability criteria defined for
any of the selected conditions. The grid cell svas set atlx=0.1 m and the depth of
the water colummy, for the advection model. The advection-diffusmoadel was
parameterized witbdx=0.1 m andiz=0.15 m.

2.2. Filtration Rate Model

Having an equation that accurately describes fittrarates of oysters is the
first step in modeling oyster uptake, as this pssaepresents a feedback on water
column particle concentrations. Filtration ratelé&pendent on both oyster size and
functions of temperature, salinity, and total susjeel solids (TSS). The filtration
rate (n1 oyster' day?) for an individual, described in more detail inapker 1, is

FRy = 0.17 * W5 « f(T) » f(S) * f(TSS) (1)
where W is oyster weight (g DW). The functiorishe environmental variables,

scaled between 0 and 1, are listed in Table 1.
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Using Equation 1 to calculate individual filtratioate, FR) (m® oystei*
1 . . . . _ 2 . .
day?), the area-based filtration rate in units of&m cmi? for a given grid cell

location, x, becomes:
FR, = [Z FRy = Ny ] * conversions (2)

where N is the density of individuals (oyster)rim each size classwith necessary
conversions foFR, from units of nf day* m? to cnthr! cm. The total filtration
which occurs in a grid cell is then dependent @ndtea of the cell.

2.3. Particle Models

Both organic and inorganic particles are of impactato oyster feeding as
phytoplankton provide nutrition, while inorganicrpeles can hinder filtration. In the
models, | have chosen to use chlorophyll conceantratC) as the main currency in
simulating suspended particles, as my researchignesn designing this modeling
framework focuses predominantly on food availapiliBecause the filtration model
requires estimates of TSS to determine whetheatiidin is being inhibited by
especially high or low concentrations of matenaihe water column, the model also
computes TSS, including inorganic and organic nedteas a multiple of the
chlorophyll concentrationQ).

For each model, | programmed solutions to comheditne-independent
steady states, using forward approximation to ¢aleloutcomes of subsequent grid
cells for chlorophyll concentratiol€f, TSS concentration, and filtration rakdR. In
these solutions, the concentration for one grit €gl; was dependent on the
previous grid cell filtration raté;R,. For reference, the model variables are listed in

Table 2.
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2.3.1. Advection Model

The advection model adapts the approach of Wilsonedd et al. (1996),
with food supply as a function of flow and filtrati. As depicted in Figure 1, the
entire height of the water column is available ysters. The particle concentration
advection model is governed by the differentialaoun (Wilson-Ormond et al.
1996):

dc (FR, *w = dx)
dx UparV

Cx (3

Here, particle concentration§)(are modeled with changing, horizontal distarthe (
across the reef as a function of filtration rd&&y), surface area of the grid cell
(w*dx), velocity (Upar), and grid cell volume\). Discretization of this governing
equation illustrates more clearly the way that tbrsnulation simply models particle
or chlorophyll movement:

Cx * A% Upgr = Cyy1 ¥ A * Upar + Co ¥ FRy xwxdx (4)

Advected In Advetidut Filtered Out

Ais the area of incoming and outgoing flow, whistdepth i) multiplied by cell
width (w), whilew*dx is the flat surface area of the grid cell. Thedelas
essentially a mass balance equation, computingsrgnd outputs to and from a grid
cell via advection and removal of particles froffirdition. Rearranging and
simplifying Equation 4 results in an equation fohveng concentrations as particles
move from one grid celldy) to the adjacent, subsequent grid c€ji.():

FR, * dx

Conn = Ce (1 ) ©®

Upar * h
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This equation was used to implement the modelgtaldd in the programming
provided in Appendix B.

To link these transport processes to the filtratiwdel, chlorophyll
concentrations®) must be converted to values of suspended sdl®s, (mg L), to
provide a feedback effect to the filtration ratesvd-reef. The concentration of the
next grid cell,C,., is multiplied by a set fraction to convert th@centration to
TSS. ThisTSS.; value is then used to compute the filtration cdtéhe next grid,
FR.1 (Equation 1, Table §TSS)). | used a ratio of 1,309,916 TSS (mg)L.1
chlorophyll (mg cr¥) in this conversion after examination of monitgriata in the
lower Potomac River estuary.

2.3.2. Advection-Diffusion Model

The second model incorporates advection and ddfyslividing a reef into
grid cells in both the andz direction as indicated in Figure 3. In this moasister
feeding and changes in velocity with water colureight,z, are included to create a
particle gradient as illustrated in the conceptliagram (Figure 2). No internal
boundary layer (momentum boundary layer) is exihicnodeled, though the
addition of this mechanism represents another piateamomponent that could be
included in the future. The oysters feed fromtib&om grid cell only, or location
z=1. TSSis calculated in these grid cells usirgggame conversion factor described
for the advection model. Filtration rates resptmthese concentrations as described
by Table 1 (Equation X(TSS)), with upper and lower thresholds to simulate the
effect of TSS concentration.

The 2-D particle mass balance for any given gritoas be described as:
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oCc oduC owC 0 ac
- ( )+s (6)

ot Tox Yoz T\ Ry

Scomputed only in bottom cells

The governing equation includes terms for changmircentration with timég—i),

. ouc . owcC . . . [0 ac
advectlor(g), smklng(?), and vertical turbulent dlffu5|o<5 (KZ E))

(Frechette et al. 1989; Jones et al. 2008; Sim@e0@). In this casey is the sinking
velocity andSis the removal of particles from filtration. Camtrations are assumed

to not vary with time, indicating no growth or clga@s to the phytoplankton supply
over the reef, and sinking is assumed to be miniglmhinating thef(;—f and% terms

(Frechette et al. 1989). These assumptions permfilifying Equation 6 to Equation
7, which expands to Equation 8.

oc 0( oc

uza=£ KZE>+S (7)

Sonly in bottom cells

ac_aKZac+KaZC+S ®
Y2ox ~ 0z 0z | ? 922

Sonly in bottom cells

ac

Following the example of Hornberger and Wiberg @0@r expandin ™

a9°C

and a;’ chlorophyll concentrations for given grid cedn be computed as

indicated in Equation 9. This equation is thearranged in Equation 10 to ha@e
in the adjacent grid cell, &,.1, ,, as the desired output.

u Cx+1,z - Cx,z — aKz Cx,z+1 - Cx,z—l +K Cx,z+1 - 2Cx,z - Cx,z—l
z dx 0z 20z z 072

+S (9)

Sonly in bottom cell
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0K,/0z K, 2K,
C _ C —_—
x x’Z+1< 20z + 622> + x’Z< 072 ) 10
u, —aKz/az+ K, S 10
xz=1 20z 072

Cx+1,z = Cx,z +

Sonly in bottom cell
Velocity (u,), vertical diffusivity(K,), and thus the derivati\(ea:f), vary

with height @) in the water column as depicted in FigureFdllowing the law of the
wall with logarithmically increasing velocity; veliy at a given heightu,) depends
on the roughness parametey) (and shear velocitfu,), all defined in Equations 11
(Butman et al. 1994), 12 (L. Sanford, personal camigation),and 13 (Butman et al.

1989; Frechette et al. 1989).

oyster height
Zo ® 30 (11)

2 h —
u, = ubar( ZO) (12)

5(zo +  (In (%) - 1)

—u*1<z) 13
w =52z (43

The vertical turbulent diffusivityK,) is calculated as a function of shear

velocity as specified in Equation 14 (Jones e2@09; Simpson et al. 2007), and

Equation 15 is the derivative of Equation 14, hwtlcessary variables in Equation 10.
VA
K, = 04u.z (1 - E) (14)

0K,
0z

= 0.4u. (1- 2%) (15)

Filtration only occurs in the bottom box, as indezhbyS. At grid points

wherez=1, this term can be substituted by:
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s=—Ca(52) 46
"\ 0z
The removed chlorophyll is dependent on the comagah and the rate at which it is
fillered. Thedz accounts for the size of the given grid celF& is calculated in
terms of per unit area (¢thr! cm?).
2.4. Boundary Conditions

The conditions in the first grid cell in the direet of flow (locationx=1) are
dependent on the outside particle concentratiéios.both models, the initial
filtration rate is dependent on the upstream, €8S concentration. This filtration
rate is then used in the calculationGaf, (or simplyC; in the advection model) with
the outside or initial concentratioGy, as the upstream concentration. The upstream
chlorophyll concentrations in the simulations anghbcomparable to and higher than
those concentrations recorded, using a verticdilprioetween August 14-18, 2013
around a depth of 2 meters, at Harris Creek, ao$ibmgoing oyster restoration
(http://mddnr.chesapeakebay.net/eyesonthebay/grafin).

In the advection-diffusion model, boundary condis@are needed above and
below the water column, since movement occurservértical direction as well as
the horizontal direction. A common approach ofligawith boundaries is to have
no flux through the boundaries (Edelstein-Kesh&530 Since no actual movement
occurs at these boundaries and no particle coratents exist at the top and bottom
boundaries of the water column, a concentrationveasled for the calculations that
would prevent unrealistic fluxes at these locatioRer the top grid calculation in
Equation 10, the value @, substitutes forC, 1, and in the lower grid

calculations,C, ;is substituted foCy .1, thus creating zero flux.
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2.5. Particle Uptake
Uptake (mg ht grid cell®) is simply the summation of the particles
(Equations 5 and 10) in each grid cell multipligdtibe corresponding filtration rate

(Equation 2), corrected for grid cell size, expegkas

Uptakex,l = Z[FRx'l * W * dX] Cx,l (17)

In the advection model, there is ndirection to consider. In the advection-diffusion
model, this uptake is only calculated in the botignid cells (locatiorz=1).
2.6. Simulations
These simulations are designed to numerically exy@at with the models.
Numerous questions could be applied to these maaledsl focus on the following.
1. How do these models compare? Do the added factors of diffusivity and
changing velocity affect the outcomes?

To explore the extent to which complexity changetpots, particle uptake
was calculated for four simulations parameterizéti the conditions listed in Table
3. These scenarios all took place over a 1 m wjd&0 m long simulated reef,
changing the combinations of oyster density (50 0@ oysters ifi) and water
velocity (34,000 and 3,400 cmBrvalues. A density of 50 oysters’is
comparable to restoration goals on natural oysteisraccording to the Oyster
Metrics Workgroup (Allen et al. 2011). Aquacultwien uses floating bags to
grow oysters, but these densities could be appii¢de near bottom environment in
a first cut to explore aquaculture conditions witese models. A density of 700
oysters rif was calculated from an aquaculture bag holdingZE®market sized

oysters, with the size of a bag described as d tfia square meter (Doiron 2008).
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A velocity of 34,000 cm ht was selected as it is likely in shallow regionshef
Potomac River, where oysters are found. The seeeloity is simply a magnitude
lower. In the simulation, the beginning concembrabf particles remained the
same, with temperature, initial particle concemtra(related to TSS as previously
described), and salinity being optimal. The sikthe oysters was also standardized
with individual oysters weighing 1 g DW.
2. Using the advection-diffusion model, how does particle availability down reef
vary in response to changed oyster density, water velocity, and oyster size?
Available particles for oysters in the final andtbe grid cell along a reef
were compared to the initial particle concentrafmnoyster densities of 50 oysters
m? and 700 oysters tand velocities from Frechette et al. (1989) ofib<}, 15 cm
s and 30 cmS Frechette et al. (1989) parameterized their haith these values
for simulating particles above a mussel reef.nltfee simulations for a 100 m long
reef with an oyster size of 1 g DW. Environmentaiiables of salinity and
temperature remained optimal, and the initial plrttoncentration was set at 18%10
mg chlorophyll-a cn®. The simulations were then run while keepinguity
constant at 15 cmi'sand having oyster reefs with total biomasses af BW m? and
700 g DW . In this case, oyster sizes were changed to%hel®, or 1.5 g DW
oystef!, with the total number of oysters changing to keesal biomass constant.
3. Howlong can areef be before TSS concentrations aretoo low for filtration?
| was interested in determining the size of a atea reef could reach before
particles were completely depleted. Because thésis likely a function of particle

concentration and velocity, simulations were conguléo compute particle uptake
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for a wide range of these variables for both 70§teng nf and 50 oysters fusing

the advection-diffusion particle model. The velms were chosen as the normal

range of velocities that occur in the mainstreamweloPotomac River from the

NOAA Chesapeake Bay Interpretive Buoy System (flipoybay.noaa.gov/).

According to the filtration rate equations, oystersfer TSS values between 4 and 25

mg L, and the TSS values are proportional to chloroptoticentrationC. The

range of initial particles correlated to TSS valirea range just above and below the

optimum range of concentrations for filtrationprbgrammed the model simulations

so that the steady state solutions terminatededetigth of the reef when the TSS

reached below 4 mgl, where oysters would lower their filtration raf€he oyster

sizes were kept at 1 g DW, and salinity and tentpezavere held at optimum levels

with only TSS affecting filtration.

4. How long can areef be to minimize particle gradients to a 10% decrease from
initial concentrations?

The same simulations were then run to calculatgtteand particle uptake
with the objective of keeping particle gradientsogs a reef at a minimum. | adopted
the objective of 10% or less difference betweetiahand final chlorophyll
concentrations for an oyster bed after the approd&acher et al. (2003), a study
which examined effects of particle gradients orllgpa. When the percent
difference between the initial concentration arelghid concentration hit above 10%,
the steady-state solution was suspended at thatidoc The velocities ranged from
5-200*1C¢ cm hi', and the initial concentrations corresponded t8 V&lues of

greater than 4 mgtand higher, in this case, rather than also inaatjpay a value
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lower than 4 mg L. Again, oyster size remained 1 g DW, and saliaitgl
temperature were held at optimal levels.
3. RESULTS

3.1. Model Complexity

Results of the simulations comparing model compyeXiable 3) indicate a
clear difference between the two particle modéserall, the more complex,
advection-diffusion model simulated lower partiafgake rates, indicating lower
particle availability for oysters. The magnitudetwe difference between the
simulated results of each model varied with oydtrsity and current speed.
Particle uptake rate at specific reef locations thedtotal reef uptake are shown in
Figures 4 through 7 for the four simulations ddsediin Table 3.

When looking at simulated patterns of uptake watbf distance (Figures 4-7),
the advection model results in uptake that deceeimse linear fashion with distance
from the particle source, while the advection-diftn model exhibits steeply
decreasing uptake rates at the leading edge oéd#ie Recall here that the advection-
diffusion model divides the vertical water colunmboi multiple grid cells, with
particle removal through oyster filtration onlytime bottom cell. In contrast, the
advection model assumes filtration of the entiréewaolumn.

Output from the first simulation, using the higlogster density and velocity,
are shown in Figure 4. The advection-diffusion eladsults in a 33% decrease in
total particle uptake, computed as the summatidheparticle removal along the
length of the reef. Using the same oyster dermityjower velocity, the second

simulation resulted in a steeper decrease of padjtake rates along the axis of the
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reef for the advection-diffusion model (Figure S)otal computed particle removal
for this simulation was 84% lower than that of #ivection model. Figure 5 also
displays the oscillatory behavior of the model wiparticle concentrations are close
to the values that result in a declined filtratrate to 10% of the maximum filtration
rate (Table X(TSS)). The TSS limitation factor is formulated to hdgh (25 mg

LY and low (4 mg %) cutoff concentrations. Empirical studies indectiese filter
feeders reduce filtering at low TSS levels dueote particle availability (Cerco and
Noel 2005) and at higher TSS levels due to phygio& issues (Loosanoff 1962). In
Figure 5, the TSS levels are fluctuating aroundgdLi, and the oysters exhibit
comparable shifts between maximum filtration arduced filtration.

Resulting particle uptakes calculated from thedthum, when the
parameterization described a lower oyster densigpnjunction with higher velocity,
are shown in Figure 6. In this case, the diffeesnzetween the two models are
minor, with a 3% difference in total uptake betwdle® advection and advection-
diffusion model. For the final run, parameterizeth both low oyster density and
velocity, the advection-diffusion model outputagiain, lower than that of the simpler
advection model. These results are reported iarEig, with 26% less total particle
uptake for the advection-diffusion model.

These simulations indicate that reefs with low e&les and/or higher oyster
densities show a larger difference in model oubaitveen the two approaches. In
addition to comparing model output for each ofghreulations, it is clear from these
results that oyster density can have a large impathe magnitude of particle uptake

and removal. The simulations with lower oystersiges resulted in rates that were
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over an order of magnitude lower than those predibly the high density
simulations, regardless of current speed condittwmaodel complexity.
3.3.1. Particle Gradients

The two particle models illustrate two types oftjgde gradients. The
advection model produces a gradual gradient ofgbestdown reef, with
concentrations invariant with height. An exampliéhas is shown in Figure 8, using
the simulation of higher oyster density and slowadocity conditions produced with
the model comparison (Table 3, Run 2). In thisifeg the concentration decreases
across the reef with distance from the particles®uand the oysters are assumed to
have access to the entire water column.

The advection-diffusion simulation produced a figpatial gradient of
particles. With this model, a concentration bougdayer emerges as a result of the
advection-diffusion formulation that governs modetput. An example of this
boundary layer is pictured in Figure 9 using thghler oyster density and slower
velocity conditions (Table 3, Run 2), the same ¢oras used for the results in
Figure 8. The particle boundary increases in heigth distance from the particle
source at the edge of the reef. The particlesarupper water column are essentially
unavailable to these oysters. Note here thatdhle £ncompasses lower
concentrations when using the advection-diffusiadet (Figure 9) in comparison to
the simpler advection model (Figure 8). Sincefiedince was found between the
particle models, and because the advection-diffusiodel provides more
mechanistic detail that has been observed in ecapstudies, the remaining

simulated results were calculated with the higloenglexity model.
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3.2. Particle Availability Down-Reef

Figure 10 graphs the initial concentration of gdes at the leading edge of a
reef, along with the concentration in the finadgeell of a 100 m reef at the substrate
(z=1) under varying conditions of velocity and oysdensity. An oyster density of
50 oysters M, with each oyster weighing 1 g DW, was used insiheulations
pictured in Figure 10. For velocities of 5, 15¢&0 cm &, particle concentrations at
this location declined by 21%, 8%, and 4%, respebti When oyster densities were
increased to 700 oysters’ragain weighing 1 g DW, model output depicted aemo
dramatic particle concentration declineB@Po, 58%, and 40%, respectively, also
graphed in Figure 10. Similar to the findings need for the model comparisons, the
greater oyster density and lower velocity condsioesulted in the largest particle
changes across a reef and lower particle avaifaldioysters in subsequent grid
cells.

In addition to velocity and density, oyster size edso affect particle
availability down a reef. Figure 11 shows the efeof oyster size on particle
availability over a 100 m reef when velocity isd s*. Here, the oyster biomass
remained constant, with oyster size and densitnging. The larger oysters had
slightly more particles available to them after 100 As indicated in the filtration
rate equation (Equation 1), filtration is scaledwoyster size, and smaller oysters are
capable of filtering and removing more particles their body size, in comparison to

larger oysters, creating slight differences in rgaaticle removal.
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3.3. Reef Size to Deplete TSS

As previously mentioned, oysters slow filtrationewhTSS levels are below 4
mg L?, indicating a depleted food source. When thestcfmlevels are reached, the
model depicts an oscillatory effect that occursliffsision replenishes particles to the
bottom grid cells and then oysters deplete thenmagehis pattern was observed
when oyster densities were high and velocity lowhiamodel comparison (Figure 5).
Simulations here calculated the length and tosdeated particle uptake at which
TSS concentrations first reach less than 4 Mgwhere this modelled oscillation
would begin to occur.

The initial particle concentrations and velocitiesre varied to identify the
predicted lengths where low TSS first occurs asnation of these variables. Salinity
and temperature remained optimal, and the populati@ysters were assumed to be
1 g DW per individual. Figure 12a graphs the pottl reef length (m) to low TSS
for an oyster density of 700 oyster&€ mThe total particle removals corresponding to
these reef lengths are graphed in Figure 12b, ctedms the sum of the particle
uptake until the reef reached the low TSS valléigher velocities and higher initial
concentrations resulted in longer reefs and gregmteicle uptake, which is to be
expected from the governing equations.

The same velocities and initial particle conceirat were then run with
densities of 50 oysters mand these results are graphed in Figure 13. @dngpthe
results of the simulations in Figures 12a and fi8apredicted reef sizes to low TSS
levels were greater for the lower oyster densitiis is a result of lower filtration

occurring in a grid cell leading to less particéenoval rates across a reef. In terms of
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total uptake for these reefs sizes, the total gdartiptake on less dense reefs is
comparable to those reefs with higher oyster dessiFigure 12b and Figure 13b).
The increased reef length was able to compensateddower per unit area filtration
associated with the lower density.

3.4. Reef Size to Minimize Particle Gradient

While the previous exercise to determine a prediceef length at which TSS
concentrations decline to levels that essentidliyt slown filtration is informative, it
is unlikely that a population of oysters could wiiind such extreme food limitations.
Additional analyses of the simulation output foais@ determining the length of
reef and associated particle uptake when initiiirconcentrations (C) was reduced
by 10%. Again, varying velocities and initial pael¢ concentrations were tested,
while oyster size and environmental conditions rieedthe same as in the previous
simulations. These results are plotted in Figdréot oyster densities of 700 oysters
mZand Figure 15 for oyster densities of 50 oystefs Mue to the lower total
filtration in a given grid cell, lower densities oysters support longer predicted reef
lengths. The lower density in this case allowedgie@ater total particle uptake before
a 10% patrticle decline difference, in comparisothhigher density (Figure 14b vs.
Figure 15b).

Examining the differences between the reef sizdsugtakes until low TSS
occurs and until a 10 % decrease in particles seed offers additional insights. |
compared the ratio of the two lengths for eacheddfit parameterization (a total of
210 simulations). The reef lengths at which the If¢@ient is reached are shorter

than the reef lengths to low TSS. For all 210 $ations, | calculated the median of
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this difference for the two oyster densities. Téef length where the predicted
gradient reaches 10% was 354 times shorter wheeraysnsity is 700 oystersm
and 22 times shorter when oyster density is 50enyst?, across all values of TSS
and velocity tested. The total uptake decreasesden the two reef sizes by a
median difference of 154 fold for 700 oysterd emd 11 fold for 50 oysters It is
noteworthy that the difference between the two kexediths is greater than the
difference between the total uptake. This indiedib@t more uptake occurs at the
edge of the reef, and the length and uptake arbénsatrly correlated, which was also
indicated in the model comparison graphs (Figuré$ #r the advection-diffusion
model.

4. DISCUSSION

4.1. Complexity

Increasing the complexity of the particle modeincdude more mechanistic
detail resulted in consistently lower particle gaates, with the magnitude of this
difference dependent on the parameterization @ebmainstream velocity and
oyster density values. The more complex, advedlitinsion model captured the
hydrodynamic effects on particle concentration grat$ and the emergence of a
concentration boundary layer.

Empirical studies have documented this boundamgriapove shellfish beds
(Butman et al. 1994; Jones et al. 2009; Petersah 2013; Saurel et al. 2013;
Wildish and Kristmanson 1984; Frechette et al. J9%®r example, Wildish and
Kristmanson et al. (1984) measured ATP and batteuiabers at two heights above

mussels in a flume, finding lower concentrationarribe filter feeders. Jones et al.
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(2009) found a similar pattern in their field exipgent over a mixed species
suspension feeding population, including clamglifig decreased chlorophyll-a near
the substrate. Considering that these patterns aleserved in field and flume
conditions, and that the simulations in this studing the advection-diffusion model
resulted in substantial differences in predictethk rates, | recommend including
diffusion in coupled physical-biological models@fvirginica.

Model complexity could be further increased. Faaraple, an internal
boundary layer, also known as a momentum boundager, could be modeled. In
this case, the velocity gradient with height wocltcinge across the reef as a result of
substrate roughness and drag effects caused Isysipension feeders (Frechette et al.
1989). However, adding detail to parameteridarger spatial scales complicates
the use of this type of model, requiring more datal therefore more effort. A
trade-off exists between increasing complexity argkting the objectives defined for
using a model to address a given ecological questimllowing the principle of
Occam'’s razor, models should be kept the simptesivhat is being described
(Myung and Pitt 1997). The necessary complexifyetels on the end goals of the
user. The model is used for determining the lirofteeef size that keep particle
gradients low and describing the concentrationasfigles being removed from the
water column, an important implication for improgiwater quality. Whether a
momentum boundary layer is essential to accomfiishmore accurately is a
guestion future studies must balance against tdedadata requirements such a

mechanism will require for application of the madel
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4.2. Supporting Reef Size as a Function of Enviranental Parameters

The morphology of reefs should be supportive oterygrowth to sustain a
population over time. However, the optimal locatfor oyster growth is
heterogeneous across the reef. As distance freradfe increased across a bed in a
segmented flume, Rheault and Rice (1996) repogedaed oyster growth rate and
condition index, where chlorophyll concentrationswaduced from 100% to
approximately 11% in the final chamber. As indechby this potential change in
oyster health and growth, environmental conditicas give an indication of
supported reef size for a given area. A reef kemdtere TSS regularly reaches a
minimum value and slows filtration is not sustaileafor C. virginica.

Comparison of the calculated reef sizes and cuogster reef sizes indicate
that length does matter. Reefs are often measuitedms of total area (Kennedy and
Sanford 1999; Maryland Department of Natural Resesi1997), lacking specific
length and width dimensions. The oyster reeffieénGreat Wicomico River, a
restoration site in a tributary of the Chesapeakg, Bre as large as 7.16%10°
(Southworth et al. 2010)Though reefs are typically oblong (Kennedy and Sahf
1999),estimating dimensions assuming the reef is squsdts in lengths on the
order of 200-300 m.

Using the results of the advection-diffusion modtak possible to explore
predicted, supportive reef lengths in the contéxtasticle concentrations, oyster
densities, and current velocity. This is not aebiergetics growth model, so the
effects of decreased food concentration with reefjlh are not assessed in terms of

oyster growth. Instead, a 10% particle concemmnatdiecline, adopted from Bacher et
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al. (2003), or less is chosen as a proxy for aithgireef to avoid the changes@o
virginica health condition with decreasing food concentratocumented by Rheault
and Rice (1996).

According to Figure 14a, the simulated reef lertigth 10% decline of particle
availability is up to 14 meters when oyster density00 oysters ih This value is
the maximum predicted reef length from this seoiesimulations, modeled using the
highest initial particle concentration and velagsti This length is substantially lower
than 200 meters, the approximate length founderGheat Wicomico River. When
the oyster density is 50 oyster&and there are lower velocities simulated, the lengt
to a 10% decrease in particles is comparable t@@0e300 meters found in the Great
Wicomico study (Figure 15a). Figure 15a also shivat larger velocities and initial
particle concentrations can lead to even longdsteefore a 10% decline in particles
is observed. These velocities may be less comasthey are based on mainstream
values. As reefs are typically in shallower ardlasy experience slower velocities
than the mainstream channel current (Allen 1988)ae thus susceptible to these
lower velocities.

In addition to limiting food supply gradients, knioyg if oysters are receiving
an adequate food supply is important. Tenore amasian (1973) report greatest
food assimilation efficiency for oysters at coneatibns of 30Qug C L, with an
increase in pseudofeces production above this.ldysing a ratio of 42 C : 1
chlorophyll (Cloern et al. 1995; Brush et al. 2Qa8)s can be converted into
chlorophyll units as 7.14*I9mg cni® to arrive at the approximate concentration

oysters for optimal assimilation efficiency. Contrations below these levels were
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reached in a few simulation scenarios as seereibdkindary layer concentrations in
Figure 9, and the final concentrations for Figur@sand 11. These low chlorophyll
concentration areas should be avoided as they wigyravide sufficient food.

Other processes excluded from this model may leefustain longer reef
lengths than those predicted here. In the advechifusion model, thé:i% term was

removed (see Equation 6 vs. Equation 7) becauseotieentration of phytoplankton
was assumed to not change with time, but thistdikely. Nutrient increases have
been documented near reefs, likely stimulatmgtu primary production as a result
of increased remineralization facilitated by thatey reefs themselves. Petersen et
al. (2013) documented increasing Niar mussel beds, a result of biodeposition.
Another study by Kellogg et al. (2013), calculated nitrogen fluxes above restored
oyster beds and found higher fluxes of Ndédmpared to a control site, as well as
increased rates of denitrification. Exploring wiertthese nitrogen recycling
processes balance the loss of nitrogen throughrdiaition to result in increased
primary production would be a worthwhile modelingecise to explore, especially
given the results found here.
4.3. Insights for Restoration and Aquaculture

Both restoration and aquaculture are ongoing effiorChesapeake Bay. The
main restoration technique is to create or findssaf hard substrate for oyster larvae
to settle on, as oysters permanently cement tofaceu Often, spat-on-shell, or
juvenile oysters, are also deposited on these @itgs//chesapeakebay.noaa.gov/
oysters/technical-aspects-of-oyster-restoratidn)aquaculture, oysters can be grown

in cages or bags, which protect the oysters fromalgors, either near an estuary
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bottom or supported at the surface with floatgp{Hithesapeakebay.noaa.gov/fish-
facts/oysters).

In order to have a thriving and growing populatafroysters, restored oyster
reefs and aquaculture should keep gradients of paoticles at a minimum across a
reef while also maintaining the magnitude of pdeteoncentrations at a level
sufficient for growth. The advection-diffusion neldleveloped here can be used to
calculate these associated reef lengths and coatens. If there is a potential
restoration site, the velocity could be measurdt wilaser Doppler velocimeter
(LDV) at varying water column heights (e.g. Butredral. 1994), and upstream
chlorophyll could be measured with a sonde. Thiesappropriate reef length,
parallel to the dominant direction of flow, candadculated with the model and
implemented at the site in the restoration eff@ince the modeled length is
considered to be the length parallel to the unatio@al flow, and the width is simply
1 meter, the output of this model describes asedtf the reef. This section of reef
(2 m*reef length) could be extended in the directiloat is perpendicular to the flow,
extending the width of the reef, as long as flowdibons remain constant. |
recognize that flow directions can vary, making sb&ution more complex. |If
anything, the unidirectional, simpler flow condit®in the model presented here
provide a more conservative estimate of partidadport, and as such provide
predictions for initial siting and design that wikely fall well within the optimum
particle gradients for a given site.

Alternatively, if a restoration or aquaculture etfis constrained by costs to a

specific acreage, the hybrid particle transport fdtrdtion rate model can be used to
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determine the optimal environmental conditions ek for oyster filtration rates
and patrticle uptake that support growth. For eXamp the case of a project that is
budgeted to restore a 50 m long oyster reef, nacgsgter velocity and TSS
concentrations, along with salinity and temperatmeditions, could be evaluated in
both the model and potential restoration siteslémiify an optimal location. If you
restore to the 50 oysterfmestoration goals, according to the results frben t
parameterization in this study, you would need e#ikes to be greater than
approximately 35,000 cm fr{or about 10 cm§ to maintain high particle supplies
under optimal temperature and salinity conditions.

4.4. Future Directions

Coupled biological-physical models, such as thigeation-diffusion model,
enhance our predictions of spatial particle conegions. These spatial
considerations of particle concentrations woulddbieexisting models such as the
Cerco and Noel (2005) growth model, Powell et 39@) population model, and
Fulford et al. (2007) clearance rate model. Theedels, which could also be
improved by incorporating a different filtrationtex(further explained in Chapter 1),
do not account for changing particle concentrataeress a reef.

Food availability models for oysters have been jongsty developed (e.g.
Wilson-Ormond et al. 1997) that account for hontab advective movement over an
oyster bed, but results from simulations here ia#i¢hat without including diffusive
movement, these simpler formulations likely ovareate food availability and
particle uptake over the oyster reef. The Wilsam@nd et al. (1997) model,

describes particle availability in terms of theqearttage of particles removed. They
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determined that velocities greater than 6 énpvided enough replenishment of
food. From my model outputs, a higher velocity Widoe necessary to keep
replenishment sustainable, likely indicating thieets of adding the 2-D spatial
gradient of particles. Similarly, efforts to aplgarance rate models to estuarine
ecosystems as a means of estimating the impagtstérs on water quality and clarity
(Fulford et al. 2007; Newell and Koch 2004) genlgrdb not include hydrodynamic
considerations. Clearance rate models have bdeabla in extending laboratory
studies of filtration to ecosystem-scale processé®wever, matching these to reef-
scale particle transport and uptake processestiisatto reconsidering the likely role
of physical processes in the feedbacks that oyseds have on estuarine water
quality.

Another model that may benefit from incorporatidrihe advection-diffusion
particle model and filtration model described herthe Farm Aquaculture Resource
Management (FARM) model, an online user-friendiyl tovww.farmscale.org/;
Ferreira et al. 2007). The FARM model is desigtwedetermine productivity of an
aquaculture “farm” for a given location and praesic Carrying capacity, cost-benefit
concerns, and the potential impact on restoringmgality are all considerations of
this modeling platform, combining physical and #is# growth models. The
physical models include advection but do not ineludrtical diffusion and particle
boundary layers, thus it would profit from incorping the more complex,
advection-diffusion model. Additionally, the grdwinodel is parameterized for five
aquaculture species, including the Pacific oysteassostrea gigas (Ferreira et al.

2007). It could also be expanded to incl@eirginica and use the filtration rate
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equation (Equation 1) within that growth model.sé&eenshot of this model interface
is shown in Figure 16.

In future work, more components can be added teanicle model. In
reality, the magnitude of velocity changes withgiand direction of flow changes
with the tides. Rather than assuming a steadg-stdution, dynamic simulations
could be run to allow for changing salinity and paErature with time of year.

More hydrodynamic effects could be incorporated thie models, if
determined to be necessary. One effect is thegoh@welocity profiles across a reef,
leading to increasing boundary layer thicknessotRAer effect, ignored in this model,
is of the exhalent current on the flow regime am@mntrainment of particles.
Monismith et al. (1990) found that bivalves thaspess siphons can have localized
effects on boundary layer flow with small jet cumt®created by the siphons. Oysters
lack siphons, so flow effects and re-suspensionaste particles likely are not as
significant in comparison to a bivalve like therola

The simulations were run with same-sized oystarsultiple size classes in
a given area would increase realism. The prin@pkelf-thinning (White et al.
2007), used for plant communities, could be appleaThis principle indicates that
as individual size increases, community abundaeceedses, which could translate
to decreased oyster density and smaller oystes agélistance from the source of
new organic matter increases. Changing densitiéseeal biomass in accordance
with the % power scaling of the self-thinning rateuld be included as a function of

distance in future versions of this model.

87



The spatial context for the model could also be ifremtifor floating
aquaculture techniques. Depth would need to leeealt and it is likely that
additional hydrodynamic processes describing effentflow by the cages and
turbulent mixing would be important for delivery jdrticles.

5. CONCLUSION

From the findings in this study, describing padigradients in a spatially-
explicit framework with coupled biological-physicalodels can greatly affect
calculated oyster particle removal rates and rem@iparticle availability to down-
reef oysters. The more complex, advection-diffasimdel, creating a concentration
boundary layer, indicates the depletion of parsiciear a reef can only support
certain lengths of reefs before food limitationwsc The length of this reef is
dependent on oyster size and density, velocity,samaunding particle
concentrations. Examining the added effects ofgerity in this study points out
that past benthic clearance rates may need tovisedeto account for these new

considerations.
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TABLES

Parameter Function
Temperature F(T) = o (=0.006+(T~27)%)
Salinity f(S) =1 when S<5,

f(8) =0.0926 *S — 0.139 when 5xS<12
f(§) =1 when S>12

TSS f(TSS) = 0.1 when TSS<4 mgt
f(TSS) =1 when &TSS25 mg L*
f(TSS) = 10.364 * In (TSS)~2%477 when TSS>25 mg L

Table 1L Functions of environmental parameters for calooih of filtration rate.
Each function is scaled between 0 and 1 and thétiplired by a size-dependent
maximum filtration rate.
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Model Variables

Definition

A Areas of Incoming and Outgoing Flow (QyA=w*h
C Chlorophyll Concentration (mg ch

dx Change inx (cm)

dz Change irz (cm)
FR Oyster Filtration Rate (cihr’ cm?)

h Water Column Depth (cm)

K, Vertical Turbulent Diffusivity (crihr?)

u, Shear Velocity (cm A
Uba Mainstream Velocity (cm Fi'r)

U, Velocity at Heightz (cm hi?)

\Y, Volume of Cell (cm), V=w*h*dx or V=w*dz* dx
w Reef Width (cm)

X Distance Down Reef, Grid Cell Horizontal Location
z Height, Grid Cell Vertical Location

Z Roughness Parameter (cm)

Table 2 Common variables and definitions used in the aiilme and advection-

diffusion model equations.
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10
10
10
10

34000
3400
34000
3400

700
700
50
50

(S S Sy N

27
27
27
27

15
15
15
15

1.8*18
1.8*10
1.8*19
1.8*19

Table 3. Simulations run for comparison of the advectaon advection-diffusion
models. For each run, the combination of veloaitg oyster density was changed.
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FIGURES

Advection Model

Grid Cell 1 Grid Cell 2 Grid Cell 3

il cirss |, citss | o citss — |

Figure 1. Advection particle model conceptual diagram.ofrs indicate direction of
particle loss processes for each grid cell via efioe or filtration by oysters.
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velocity profile

Advection-Diffusion Model

Figure 2. Advection-diffusion model conceptual diagram. Arrows indicate direction
of particles and loss processes via advection, diffusion, or filtration. The dotted line
represents a particle boundary layer that is formed when variable velocity, diffusion,
and a rough substrate combine to affect particle concentrations adjacent to the oyster
reef.
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Figure 3. Flows in the advection-diffusion model for thedgcells in the vertical
direction at locatiorx. Arrows indicate direction of particle movemend advection,
diffusion, or filtration by oysters.
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Complexity Comparison — Higher Density and Highefdgity
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Figure 4. Results of Complexity Comparison Run 1 - HigBensity and Higher
Velocity. (a) Reef location and corresponding eygiarticle uptake, and (b) the total
uptake on a 10 fireef section.
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Complexity Comparison — Higher Density and Lowetdddy
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Complexity Comparison — Lower Density and Highetoéay
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Velocity. (a) Reef location and corresponding eygiarticle uptake, and (b) the total
uptake on a 10 fireef section.
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Complexity Comparison — Lower Density and Lower a6ty
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Particle Concentration (mg cm™)
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Figure 8. Particle concentration (mg éncontours for the advection model with
higher density and lower velocity (Table 3, Run Zhe particles vary across the reef
but not with height.
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Figure 9. Particle concentration (mg &fncontours for the advection-diffusion
model with higher density and lower velocity (TaBleRun 2). A concentration
boundary layer occurs near the substrate.
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Figure 11 Initial particles (a) and particles availableotgsters in the last and bottom

(z=1) grid cell (b) when oyster sizes are variezbing total areal biomass constant,
for a 100 meter long reef when velocity is 15 ¢ s
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RUN THE FARM MODEL

Farm layout Shellfish cultivation Environment
Farm width Bo m Species m Water temperature 10 ol
Farm length 300 m Cultivation period 180 days Current speed 0.05 m 5.1
Farm depth 10 m Density (first box) 50 ind. m-2  Chlorophyll a - 55 ug L-1
N° sections 3 Density (middle box) 50 ind. mz POM 5 mg L-1
Section volume 20000 ma Density (last box) 50 ind. m2 TPM 50 mg L-1
Total animals 3000000 |ind [¥l Use shellfish Dissolved oxygen B (9.02 mg L-1
[ Bottom cuiture M use population ASSETS score B Good
Harvestable biomass Harvestable animals Environment
First box 26.1 tons Adults (first box) 474251 ind Chl a (first box) 509 ug L-1
Middle box 228 tons Adults (middle box) 415442 ind Chl a (middle box) 47 ug L-1
Last box 195 tons Adults (last box) 354345 ind Chl 3 (last box ) 433 ug L1
Total harvest (TPP) 68.4 tons Adults (total) 1244038 ind Chl a (average) - 471 ug L-1
Biomass ratio (APF) 456 Individuals (ratio) 141 % Chl a reduction 14 %
D.0. (minimum) B 832 mg L-1
D.0. (reduction) 3 %
ASSETS score Bl Hioh

Open a model Save model
Please select... W x :I@

Polite notice: At present, the FARM model runs only on Intemet Explorer. For IES users, please make sure that the "Compatibility View” option is selected in the
"Tools” section. YWe apologise for this inconvenience.

Figure 16. FARM model interface. Inputs include the faagdut, shellfish cultivation, and environmentalightes. The outputs
include harvestable biomass, harvestable animadstr® environmental variables.
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Appendix A

Conversions

To compare filtration rates, conversions are nexgssSimple dimensional
analysis convert time and volume units. Other sg&gy conversion factors are
described here.
Oyster Weight

Grams of oyster carbog,C, and grams dry weighg, DW, are
interchangeable with the fraction: @%: 1 g DW (Cerco and Noel 2005).
Allometric relationships between oyster biomd¥/ (g), andoyster heightH (mm),
are related as

DW = 0.00008 = H>17>

For this equation, | measured oyster dry weightslangths for 1, 2, and 3 year old
oysters and for larger oysters with unknown agesss and Luckenbach (2006) also
examine the relationship of height and weight andé the relationship to be
DW=0.00003H%3%2 The graph on the next page displays the powetion fit
from my empirical data and the regression equatported by Ross and Luckenbach
(2006), which are comparable, justifying the usengfheight and weight

relationship.
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Empirical data and regressions from my empiricéh@md Ross and
Luckenbach (2006) for the height (mm) vs. dry wei@f) relationship.

Standardized Filtration Rates

Filtration rates vary with oyster dry weight, thosstandardize for 1 g DW
oysters, the corrected filtration rate for a 1 g DYéter,X, is

Y

X = DWW —0.28

(Fulford et al. 2007; Newell and Koch 2004)

WhereY is the given filtration rate. An exponent of -8.i8 used (Fulford et al. 2007)

to keep filtration on a per weight basis.
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Appendix B

MATLAB Coding

Advection Code

The following codes run the advection model, inaghgdhe files ParticleCapturelDb.m,
Filtration2.m, and SteadyStateb.m.

Particl eCapturelDb. m

% Script to run all the codes in order

%THESE PARAMETERS CAN BE CHANGED

clear

%OQyster Parameters

N=700;  %number of oysters per m"2

g=1; %size in grams of oysters

oysterheight=((g/0.00008)"(1/2.175))/10; %cm from DW=0.00008*H"2.175 where H
is in mmm

%Box Set Up

L=10*100; %length of reef(cm)

w=100; %width of volume of interest (cm)
depth=3*100;  %depth of water column(cm)

z0=oysterheight/30; %roughness parameter

%Parameter Set Up (T,S,velocity)
S=15; %salinity units

T=27; %degrees C
velocity=34000; %cm/hr

%Outside Chlorophyll Concentration (mg/cm”3) and TS S concentration mg/L
Parout=18*10"-6;
outTSS=Parout*1309916;

%%%%%%%%% %% %% %% %% %% %% % %% %% % %% %% %% %9

%%%%%
Filtration2
SteadyStateb

%Particle Uptake (mg/hr)
Uptake=nan(1,Boxnum);

for x=1:Boxnum;

Uptake(x)=C(x)*alpha(x)*w*dx; %Filtration rate* bottom area * the
particles in bottom box
end
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Filtration2. m

%Filtration Rate for the given box

%Maximum Filtration per m”2
Frmax=([0.17*(g).~0.6486])/24*N; %(m"3/hr/m"2)

%Environmental Limitations for each day
fT=exp(-0.006*(T-27).”2); %fT function
if (S<5)

fS=0
elseif (S>12)

fS=1
elseif (S>=5) && (S<=12)

fS=(0.0926*S)-0.139;
end

%Filtration Rate for each day

Fr2=Frmax.*fT.*fS; %Fr of each box
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St eadySt at eb. m

%Filtration rate at time t for given boxes without the TSS limitation factor
(cm”3/hr/cm”2)
Filtration=Fr2.*(100); %Including unit conversion

%Conversion
fraction=1309916; %Muliplied by Chl to give TSS ¢ oncentration

%Box size
dxs=(0.5*velocity*depth)/Filtration %size needed fo r stability
dx=10 %cm
if dxs<dx
dx=dxs
end

Boxnum=ceil(L/dx)

for x=2:Boxnum; %Length Position
X(1)=dx*0.5
X(X)=X(x-1)+dx

end

%Matrix set up of variable components

C=nan(1,Boxnum); %Par=particles--->in this case ch lorophyll
TSS=nan(1,Boxnum); %TSS levels of the boxes

fTSS=nan(1,Boxnum); %fTSS levels of the boxes

alpha=nan(1,Boxnum); %pFiltration rate of the boxes

%Governing Equation:
%Cn+1=Cn*(1-(alpha*dx/velocity*h))

%First Box Concentration
if (OUtTSS>25) %f(TSS)
fTSS(1)=10.364*(log(outTSS))."-2.0477;
elseif (outTSS<4)
fTSS(1)=0.1;
elseif (outTSS>=4) && (outTSS<=25);
fTSS(1)=1,;
end
alpha(1)=Filtration*fTSS(1);
C(1)=Parout*(1-((alpha(1)*dx)/(velocity*depth)));
TSS(1)=C(1)*fraction

%Rest of Boxes Concentration
for x=1:Boxnum-1;
C(x+1)=C(x)*(1-((alpha(x)*dx)/(velocity*depth))) ;
TSS(x+1)=C(x+1)*fraction;
if (TSS(x+1)>25);
fTSS(x+1)=10.364*(log(TSS(x+1)) ).N-2.0477; %Using if
then statements for TSS
elseif (TSS(x+1)<4);
fTSS(x+1)=0.1;
elseif (TSS(x+1)>=4)&&(TSS(x+1)<=25) ;
fTSS(x+1)=1;
end
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alpha(x+1)=Filtration*fTSS(x+1);
end
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Advection-Diffusion Code

The following codes run the advection-diffusion rabdncluding the files ParticleCapture.m,
Filtration2.m, and Diffusivity.m.

Particl eCapture. m

% Script to run all the codes in order

%THESE PARAMETERS CAN BE CHANGED

clear

%OQOyster Parameters

N=700; %number of oysters per m"2

0=1; %size in grams of oysters

oysterheight=((g/0.00008)"(1/2.175))/10; %cm from DW=0.00008*H"2.175 where H
is in mmm

%Box Set Up

L=100*100; %length of reef(cm)

w=100; %width of volume of interest (cm)
depth=3*100; %depth of water column(cm)

z0=oysterheight/30; %roughness parameter

%Parameter Set Up (T,TSS,S,velocity)
S=15; %salinity units

T=27; %degrees C
velocity=108000; %cm/hr

%Outside Chlorophyll Concentration (mg/cm”3) and TS S concentration mg/L
Parout=18*10"-6;
outTSS=Parout*1309916;

%%%%%%%%% %% %% %% %% %% %% % %% %% % %% %% %% %9

%%%%%
Filtration2
Diffusivity

%Particle Uptake (mg/hr)
Uptake=nan(1,Boxnum);

for x=1:Boxnum;

Uptake(x)=C(x,1)*alpha(x)*w*dx; %Filtration rat e * area*the particles in
bottom box
end
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Filtration2. m

%pFiltration Rate

%Maximum Filtration in a m”"2
Frmax=([0.17*(g).~0.6486])/24*N; %(m"3/hr/m"2)

%Environmental Limitations for each day
fT=exp(-0.006*(T-27).”2); %fT function
if (S<5)

fS=0
elseif (S>12)

fS=1
elseif (S>=5) && (S<=12)

fS=(0.0926*S)-0.139;
end

%Filtration Rate for each day

Fr2=Frmax.*fT.*fS; %Fr of each box
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Diffusivity.m

%Filtration rate at time t for given boxes without
(cm”3/hr/cm”2)
Filtration=Fr2.*(100); %Including unit conversion

%Conversion
fraction=1309916; %Muliplied by Chl to give TSS ¢

%Heights Above Bottom
deltad=depth/20; %Want 20 different heights
z1(1)=0.5*deltad; %to find the height in the middl
for z=2:1:20

z1(z)=z1(z-1)+deltad; %height above bottom
end
%z1 is the actual height above the bottom

%Velocity Calculations
%Ubar and Ustar
ubar=velocity; %vertically averaged velocity or mai
ustar=ubar*(2*depth-(z0))/(5*(z0+depth*(log(depth/z
u=nan(size(z1)); %velocity
for z=1:20;
u(z)=(ustar/0.4)*log(z1(z)/z0);
end

%Height Dependent Only Parameters (Diffusivity)
K=nan(size(z1));
dkdz=nan(size(z1));
for z=1:20;
K(z)=0.4*ustar*z1(z)*(1-(z1(z)/depth));
dkdz(z)=0.4*ustar*(1-2*(z1(z)/depth));
end

%Box Set up
dz=deltad;
us=(ustar/0.4)*log((depth*0.5)/z0);
Ks=0.4*ustar*z1(z)*(1-((depth*0.5)/depth));
dcs=((dz"2)*us)/(5*Ks); %Stability Criteria
dx=10 %cm %Box size unless needed to be smaller
if dcs<dx
dx=dcs
end
Boxnum=ceil(L/dx)
for x=2:Boxnum; %Length Position
X(1)=dx*0.5
X(X)=X(x-1)+dx
end

%Set up Matrices
C=nan(Boxnum,20);
fTSS=nan(1,Boxnum);
alpha=nan(1,Boxnum);
TSS=nan(1,Boxnum);
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%Governing Equation
%C(x+1,2)=C(x,z)+(dx/u(2))*[C(x,z+1)*((dkdz(z)/(2*d
%C(x,2)*(-2*K(2)/(dz"2))+C(x,z-1)*(-dkdz(z)/(2*dz)+

%First Box Concentration

if (OUtTSS>25) %f(TSS)
fTSS(1)=10.364*(log(outTSS)).A-2.0477;

elseif (outTSS<4)
fTSS(1)=0.1,;

elseif (outTSS>=4) && (outTSS<=25);
fTSS(1)=1;

end

alpha(1)=Filtration*fTSS(1);

C(1,1)=Parout+(dx/u(1))*(Parout*((dkdz(1)/(2*dz))+(
Parout*(-2*K(1)/(dz"2))+Parout*(-dkdz(1)/(2*dz)
(alpha(1)*Parout/dz));

TSS(1)=C(1,1)*fraction;

for z=2:20;

C(1,z)=Parout+(dx/u(z))*(Parout*((dkdz(z)/(2*dz))+(
Parout*(-2*K(z)/(dz"2))+Parout*(-dkdz(z)/(2*dz)

end

%Rest of Boxes Concentration
for x=1:Boxnum-1;
C(x+1,1)=C(x,1)+(dx/u(1))*(C(x,2)*((dkdz(1)/(2*d
C(x,1)*(-2*K(1)/(dz"2))+C(x,1)*(-dkdz(1)/(2*
(alpha(x)*C(x,1)/dz));
TSS(x+1)=C(x+1,1)*fraction;
if (TSS(x+1)>25); %Using if then statements for
fTSS(x+1)=10.364*(log(TSS(x+1)))."-2.0477;
elseif (TSS(x+1)<4);
fTSS(x+1)=0.1;
elseif (TSS(x+1)>=4)&&(TSS(x+1)<=25);
fTSS(x+1)=1;
end
alpha(x+1)=Filtration*fTSS(x+1);

C(x+1,20)=C(x,20)+(dx/u(20))*(C(x,20)*((dkdz(20)/(2
C(x,20)*(-2*K(20)/(dz"2))+C(x,19)*(-dkdz(20)
for z=2:19;
C(x+1,2)=C(x,2)*+(dx/u(z))*(C(x,z+1)*((dkdz(z)/(2
C(x,2)*(-2*K(2)/(dz"2))+C(x,z-1)*(-dkdz(z)/(
end
end
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Calculating Lengths and Total Uptake

For varying velocity and initial particle concertoms, plotting3d.m was used in conjunction
with a function created with ParticleCapture.m.e Diffusivity.m code is altered to suspend
calculations at given conditions. Both variatiaf®iffusivity.m are below.

pl otting3d. m

velocity1=[5000:15000:200000]; %Velocity
Parout1=[4*10"-6:2*10"-6:32*10"-6]; %Initial Partic le Concentrations

[yyyyy,xxxx]=meshgrid(Paroutl,velocityl)
Uptake2=nan(size(xxxx)); %Uptake
ReefLength=nan(size(yyyyy)); %Reef Length

for kk=1:length(Paroutl);
for ii = 1:length(velocityl);

[Uptake2(ii,kk),ReefLength(ii,kk)]=ParticleCapture( xxxx(ii,kKk),yyyyy(ii,kk));
%Run the Particle Capture.m function

end
end
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Particl eCapture. m
Functi on

function [Uptake2, ReefLength]=ParticleCapture(velo

% Script to run all the the codes in order
%THESE PARAMETERS CAN BE CHANGED

%OQyster Parameters

N=50; %number of oysters per m"2

0=1; %size in grams of oysters
oysterheight=((g/0.00008)"(1/2.175))/10; %cm from
is in mmm

%Box Set Up
w=100; %width of volume of interest (cm)
depth=3*100; %depth of water column(cm)

z0=oysterheight/30; %roughness parameter
%Parameter Set Up (T,TSS,S,velocity)

S=15; %salinity units
T=27; %degrees C

%Outside Chlorophyll Concentration (mg/cm”3) and TS

outTSS=Parout*1309916;

%%%% %% %% % %% %% %% %% %% %% % %% %% % %% %% %% %%

Filtration2
Diffusivity
%Particle Uptake (mg/hr)

Uptake2=sum(Uptake);
ReefLength=(length(TSS)*dx)/100 %meters long

end
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Diffusivity.m

%Filtration rate at time t for given boxes without
(cm”3/hr/cm”2)
Filtration=Fr2.*(100); %Including unit conversion

%Conversion
fraction=1309916; %Muliplied by Chl to give TSS ¢

%Heights Above Bottom
deltad=depth/20; %Want 20 different heights
z1(1)=0.5*deltad; %to find the height in the middl
for z=2:1:20

z1(z)=z1(z-1)+deltad; %height above bottom
end
%z1 is the actual height above the bottom

%Velocity Calculations
%Ubar and Ustar
ubar=velocity; %vertically averaged velocity or mai
ustar=ubar.*(2*depth-(z0))/(5*(z0+depth*(log(depth/
u=nan(size(z1))"; %velocity
for z=1:20;
u(z)=(ustar/0.4).*log(z1(z)/z0);
end

%Height Dependent Only Parameters (Diffusivity)
K=nan(size(z1));
dkdz=nan(size(z1));
for z=1:20;
K(z)=0.4*ustar*z1(z)*(1-(z1(z)/depth));
dkdz(z)=0.4*ustar*(1-2*(z1(z)/depth));
end

%Box Set up

dz=deltad;
us=(ustar/0.4)*log((depth*0.5)/z0);
Ks=0.4*ustar*z1(z)*(1-((depth*0.5)/depth));
dcs=((dz"2)*us)/(5*Ks); %Stability Criteria

dx=10; %cm %Box size unless needed to be smaller

if dcs<dx
dx=dcs;
end

%Governing Equation
%C(x+1,2)=C(x,z)+(dx/u(2))*[C(x,z+1)*((dkdz(z)/(2*d
%C(x,2)*(-2*K(2)/(dz"2))+C(x,z-1)*(-dkdz(z)/(2*dz)+

%First Box Concentration
if (OUtTSS>25) %f(TSS)
fTSS(1)=10.364*(log(outTSS)).A-2.0477;
elseif (outTSS<4)
fTSS(1)=0.1,;
elseif (outTSS>=4) && (outTSS<=25);
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fTSS(1)=1,;

end

alpha(1)=Filtration*fTSS(1);

C(1,1)=Parout+(dx/u(1))*(Parout*((dkdz(1)/(2*dz))+(
Parout*(-2*K(1)/(dz"2))+Parout*(-dkdz(1)/(2*dz)
(alpha(1)*Parout/dz));

TSS(1)=C(1,1)*fraction;

for z=2:20;

C(1,z)=Parout+(dx/u(z))*(Parout*((dkdz(z)/(2*dz))+(
Parout*(-2*K(z)/(dz"2))+Parout*(-dkdz(z)/(2*dz)

end

%Rest of Boxes Concentration

for x=1:100000000
if (Parout-C(x,1))/Parout>0.1
break
end
C(x+1,1)=C(x,1)+(dx/u(21))*(C(x,2)*((dkdz(1)/(2*d
C(x,1)*(-2*K(2)/(dz"2))+C(x,1)*(-dkdz(1)/(2*
(alpha(x)*C(x,1)/dz));
TSS(x+1)=C(x+1,1)*fraction;

if (TSS(x+1)>25); %Using if then statements for
fTSS(x+1)=10.364*(log(TSS(x+1)))."-2.0477;

elseif (TSS(x+1)<4);
fTSS(x+1)=0.1;

elseif (TSS(x+1)>=4)&&(TSS(x+1)<=25);
fTSS(x+1)=1;

end

alpha(x+1)=Filtration*fTSS(x+1);

C(x+1,20)=C(x,20)+(dx/u(20))*(C(x,20)*((dkdz(20)/(2

C(x,20)*(-2*K(20)/(dz"2))+C(x,19)*(-dkdz(20)
for z=2:19;
C(x+1,2)=C(x,2)*+(dx/u(z))*(C(x,z+1)*((dkdz(z)/(2

C(x,2)*(-2*K(2)/(dz"2))+C(x,z-1)*(-dkdz(z)/(
end

end

for x=1:length(TSS);
Uptake(x)=C(x,1)*alpha(x)*w*dx; %Filtration rate

bottom box

end
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Diffusivity.m

%Filtration rate at time t for given boxes without
(cm”3/hrlcm”2)
Filtration=Fr2.*(100); %Including unit conversion

%Conversion
fraction=1309916; %Muliplied by Chl to give TSS ¢

%Heights Above Bottom
deltad=depth/20; %Want 20 different heights
z1(1)=0.5*deltad; %to find the height in the middl
for z=2:1:20

z1(z)=z1(z-1)+deltad; %height above bottom
end
%z1 is the actual height above the bottom

%Velocity Calculations
%Ubar and Ustar
ubar=velocity; %vertically averaged velocity or mai
ustar=ubar.*(2*depth-(z0))/(5*(z0+depth*(log(depth/
u=nan(size(z1))"; %velocity
for z=1:20;
u(z)=(ustar/0.4).*log(z1(z)/z0);
end

%Height Dependent Only Parameters (Diffusivity)
K=nan(size(z1));
dkdz=nan(size(z1));
for z=1:20;
K(z)=0.4*ustar*z1(z)*(1-(z1(z)/depth));
dkdz(z)=0.4*ustar*(1-2*(z1(z)/depth));
end

%Box Set up

dz=deltad;
us=(ustar/0.4)*log((depth*0.5)/z0);
Ks=0.4*ustar*z1(z)*(1-((depth*0.5)/depth));
dcs=((dz"2)*us)/(5*Ks); %Stability Criteria

dx=10; %cm %Box size unless needed to be smaller

if dcs<dx
dx=dcs;
end

%Governing Equation
%C(x+1,2)=C(x,z)+(dx/u(2))*[C(x,z+1)*((dkdz(z)/(2*d
%C(x,2)*(-2*K(2)/(dz"2))+C(x,z-1)*(-dkdz(z)/(2*dz)+

%First Box Concentration
if (OUtTSS>25) %f(TSS)
fTSS(1)=10.364*(log(outTSS)).A-2.0477;
elseif (outTSS<4)
fTSS(1)=0.1,;
elseif (outTSS>=4) && (outTSS<=25);
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the TSS limitation factor

oncentration

e of a box

ntream velocity
z0)-1))); Y%ustar

2))+(K(@)/(dz2)))+...
K(z)/(dz"2))]



fTSS(1)=1,;

end

alpha(1)=Filtration*fTSS(1);

C(1,1)=Parout+(dx/u(1))*(Parout*((dkdz(1)/(2*dz))+(
Parout*(-2*K(1)/(dz"2))+Parout*(-dkdz(1)/(2*dz)
(alpha(1)*Parout/dz));

TSS(1)=C(1,1)*fraction;

for z=2:20;

C(1,z)=Parout+(dx/u(z))*(Parout*((dkdz(z)/(2*dz))+(
Parout*(-2*K(z)/(dz"2))+Parout*(-dkdz(z)/(2*dz)

end

%Rest of Boxes Concentration

for x=1:100000000
if TSS(x)<4
break
end
C(x+1,1)=C(x,1)+(dx/u(1))*(C(x,2)*((dkdz(1)/(2*d
C(x,1)*(-2*K(1)/(dz"2))+C(x,1)*(-dkdz(1)/(2*
(alpha(x)*C(x,1)/dz));
TSS(x+1)=C(x+1,1)*fraction;

if (TSS(x+1)>25); %Using if then statements for
fTSS(x+1)=10.364*(log(TSS(x+1))).A-2.0477;

elseif (TSS(x+1)<4);
fTSS(x+1)=0.1;

elseif (TSS(x+1)>=4)&&(TSS(x+1)<=25);
fTSS(x+1)=1;

end

alpha(x+1)=Filtration*fTSS(x+1);

C(x+1,20)=C(x,20)+(dx/u(20))*(C(x,20)*((dkdz(20)/(2

C(x,20)*(-2*K(20)/(dz"2))+C(x,19)*(-dkdz(20)
for z=2:19;
C(x+1,2)=C(x,2)*+(dx/u(z))*(C(x,z+1)*((dkdz(z)/(2

C(x,2)*(-2*K(2)/(dz"2))+C(x,z-1)*(-dkdz(z)/(
end

end

for x=1:length(TSS);
Uptake(x)=C(x,1)*alpha(x)*w*dx; %/Filtration rate

bottom box

end
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