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Reliable forecasts of salinity changes are essential for restoring and sustaining natnral resonrees of esluaries and
coastal ecosystems. Because of the physical complexity of such ecosystems, information on uncertainty associated with
salinity forecasts shonld be assessed and incorporated into management and restoration decisions. The objective of
this study was to investigate uncertainty in salinity forecasts imposed by limitations on data available to calibrate
and apply a mass balance salinity model in the Barataria basin, Lonisiana. The basin is an estuarine wetland-
dominated ecosystem located directly west of the Mississippi Delta complex. The basin has been experiencing signif-
icant losses of wetland at a rate of nearly 23 km¥*y. A Bayesian-based methodology was applied to stndy the effect of
data-related uncertainty on both the retrieval of model parameters and the snbsequent model predictions. We focused
on uncertainty caused by Hmited sampling and coverage of salinity calibration data and by sparse rain gauge data
within the basin. The results iudicated that data limitations lead to significant uncertainty in the identification of
model parameters, causing moderate to large systematic and random errors in model results. The most significant
effect was related to lack of accurate information on rainfall, a major source of fresh water in the basin. The approach
and results of this stndy can be nsed to identify necessary improvements in monitoring of complex estuarine systems
that can decrease forecast uncertainty and allow managers greater accuracy in planning restoration of coastal re-
sources.

ADDITIONAL INDEX WORDS: Uncerfainty analysis, Barataria basin, coastal Louisiana, rainfall sampling, model
calibration, parametric uncertainty, salinity, restoration.

INTRODUCTION

Ecological forecast models play a central role in restoring
and sustaining natural resources of estuaries and coastal wa-
ters. Ecological forecasts provide quantitative information
that managers need to evaluate risks and benefits anticipat-
ed from different ecological trajectories and their associated
management scenarios (SIMENSTAD, REED, and FORrD, 2006).
Risk and benefit calculations might be based on ecological
performance measures (THOM, 2000) or, as is likely in the
wake of hurricanes Katrina and Rita, they might be based on
mitigating future losses from coastal flooding (Houck, 2006).
In any case, managers need information on the uncertainty
in the forecasts so that they can judge whether the risks and
benefits presented by one trajectory differ significantly from
those of another trajectory. The underlying qnestion is
whether different approaches to restoring coastal resources
will have significantly different results.

Uncertainty that arises in making ecclogical forecasts fall

DOI: 10.2112/06-0723.1 received 12 July 20086; accepted in revision
14 September 2006.

into the category of “knowledge uncertainty,” which is one of
three general categories of uncertainty that resource man-
agers must take into consideration (ENGELUND, XU, and
GorrscHALK, 2005; Lan et al, 2002; NRC 2002; RrFs-
GAARD and STORM, 1996). Other categories are the “inherent
uncertainty” that arises from the variability of processes in
nature and the “decision uncertainty” that is related to nn-
derstanding management goals and the scope of activities re-
quired to achieve these goals. Ecological forecasting capabil-
ities are limited by factors such as incomplete understanding
of the processes involved, inaccuracies in model formulation,
and inadequate or erroneous information needed to apply the
meodels (i.e, input and ealibration data, and values of model
parameters).

Salinity 1s an essential characteristic of estuarine and
coastal ecosystems, and often, changes in salinity constitute
a link in the chain of cause and effect that connects activities
in upstream watersheds to ecological effects along the coast.
In coastal Lonisiana, the salinity of surface waters is recog-
nized as a primary factor in the productivity of coastal fish-
eries (e.g., TURNER, 2006) and in determiuing the extent and
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spatial distribution of freshwater, mesohaline, and euhaline
wetland communities (VISSER et al, 2000). Human activities
affect estuarine salinity directly by either changing the
amount or timing of freshwater inflow or altering the water-
body hydrodynamics and the rate of mixing with the coastal
ocean. Therefore, resource managers must be able to predict
changes in estuarine salinity that can occur as a result of
activities currently proposed for restoring coastal ecosystems.

This study investigates the sources and the magnitudes of
uncertainty in forecastiug salinity in the Barataria basin,
Louisiaua. Currently, managers divert water and sediment
from the Mississippi River into the adjacent wetlands and
estuarine areas as a mechanism to reduce wetland loss and
restore coastal habitats (DELAUNE ef al, 2005). The ability
to forecast how this will affect the salinity, and thus the ecol-
ogy, in these areas depends on the data available for input
to and calibration of forecast models. In this study, we ex-
amine the influence of errors associated with estimating ba-
sin-wide rainfall (model input data) and salinity (model cal-
ibration data) in the major waterbodies within the Barataria
basin. Errors in estimating these quantities arise from vari-
ous sources, such as instrumental errors, missing data, and
the application of spatially limited data to estimate varia-
tions in rainfall and salinity fields over basin subscales.

Operationally, we measure uucertaiuty as the expected de-
viatiou of a quantity from its true value. Therefore, to study
the effeets of uncertainty in rainfall and salinity, we must
know their true values in nature, or at least assume to know
them, In this setting, we define the true state of nature in
the Barataria basin by time series of “true” rainfall values
and by a model that represents the “true” relationship be-
tween rainfall and salinity. The relationship is defined by
specifyiug “true” values for the model parameters. The salin-
ity calculated by the model is considered as the “true” salinity
values. A similar approach was used by Raat et al. (2004) to
study uncertainty in catchment nitrogen modeling.

We examiue the effects of uucertaiuty in rainfall input data
and salinity calibration data by (1) contaminating the as-
sumed true rainfall and salinity data with error, {2) recali-
brating the model to estimate the optimal values for its pa-
rameters on the hasis of the contaminated data, aud (3) com-
paring these parameter values and the corresponding pre-
dicted salinities with their “true” values. This approach is
implemented with the use of an optimization and uncertainty
analysis Bayesian method, which allows examinatiou of the
effects of data uncertaiuties ou the estimation of model pa-
rameters and the subsequent salinity predictions.

Qur analysis provides insights into how forecast uncertain-
ty can be reduced through more accurate estimates of pro-
cesses that drive the ecosystem change and response. Can we
state whether insufficieut rainfall or salinity data is the more
siguificant source of uucertaiuty? Do separate effects of each
variable combine additively or in a more complex way?
Should we focus on developing more complex models, or do
we need to improve existing data collection strategies to re-
duce uncertainty in representiug the maiu driving process
and estimating model parameters?
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Pigure 1. {a) Location map showing the location of Barataria Bay in
coastal Lonisiana. (b) Monitoring sites for salinity {open circles), rainfall
{black c¢ircles), and sea level data used hy the mass balance model. Solid
arrows indicate the locations of the main river diversions: Davis Pond,
Naomi, and West Pointe 4 la Hache (from north to seuth). Boundaries of
the four subbasins used by the model to vepresent the estuary are also
shown.

METHODS
Siudy Site

The Barataria basin is an estuarine wetland system in the
Mississippi Delta in south Louisiana. The basin is located
between the natural levees of the Mississippi River on the
east and Bayou Lafourche on the west (Figure 1) and is sep-
arated from the Gulf of Mexico by a chain of barrier islands
(FITZGERALD e¢f al, 2004). The basin encompasses a total of
approximately 6000 km? of waterbodies and wetlands and
has experienced significant losses of wetland at a rate of
nearly 23 km®*y hetween 1974 and 1990 (COLEMAN, ROBERT,
aud StoNg, 1998; SToNE et al, 1997). This is attributed to
flood control levees and continuous deepening and mainte-
nance of navigation channels, which are starving the wet-
lands from seasonal inputs of fresh water aud sediment from
the river (BorscH et al, 1994). On the basis of the locations
of major waterbodies, the basin can be divided into a series
of four iuterconnected subbasins (Figure 2). The northern
part of the basin is occupied by several large lakes, whereas
the southeru part consists of tidaily influenced marshes con-
nected to a large bay system behind the barrier islands (PEN-
LAND, BoyDn, and SUTTER, 1988).

With the Mississippi River constrained within its main
channel by levees since the first half of the 20th century,
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Figure 2. Schematic representation of a four-box mass balance model
for the Barataria basin. Solid and dashed arrows represent advection and
mixing flow exchanges, respectively.

rainfall is now the major source of fresh water to the Bara-
taria basin. Annual average rainfall in the basin area is 160
cm, approximately, with significant intra-annual rainfall var-
iability. On an annual basis, rainfall is iu excess over evap-
oration. In addition to rainfall, fresh water into the basin has
three other main sources: surface runoff from surrounding
drainage basing, diversions from the Mississippi River {Na-
omi, West Point &4 la Hache, and Davis Pond), and the Gulf
Intracoastal Waterway,

Salinity patterns and variations in the Barataria basin has
been the subject of several data analyses and modeling stud-
ies {(e.g, GagLiaNO, MEYER-ARENDT, and WICKER, 1981;
Panrg, InoUE, and WIsEMAN, 2002; SwENSON and TURNER,
1998; WIsEMAN, SWENSON, and POwER, 1990). During times
of high river flow, the effect of rainfall becomes unimportant,
and salinities in the lower part of the basin are reduced be-
cause of the mfluence of the river plume on the salinity of
coastal waters {(ORLANDO et al, 1993: WisEMaN and SWEN-
SoN, 1989). During times of low river flow, salinities increase
and the effect of rainfail becomes more significant. For ex-
ample, McREE, MENDELSSOHN, and MATERNES (2004) im-
plicate a severe drought in 19982000 as a primary cause of
high salinity values that contributed to an extensive die-off
of wetland vegetation in the basin in 2000.

Salinity Calculations in a Mass Balance Model

We use a mass balance model to represent the assumed
true relationship between rainfall and salinity in the Bara-
taria basin. Mass balance models offer the advantage of com-
putational efficiency and ease of implementation while pro-
viding a physically based description of the relationship be-

tween the net supply of fresh water and salinity (BaBson,
KawasE, and McCREADY, 2006; Hacy, SANFORD, and BoyN-
TON, 2000; OFricER, 1980). The model represents waterbod-
ies in the Barataria basin as well-mixed subbasins linked by
exchange flows that transport water and salt (Figure 2). The
spatial and temporal averaging inherent in this representa-
tion prevents the mass balance model from capturing salinity
variations that occur at tidal and synoptic (~0.1 per day) fre-
quencies. However, applications across a number of systems
including Sau Francisco Bay and Chesapeake Bay (eg., GTk-
goN and NaJJar, 2000; UNcLES and PETERSON, 1996) sug-
gest that such aggregated models can capture much of the
salinity variation that occurs seasonally and from year to
year. This is sufficient to forecast the effects of an altered
salinity regime on the distribution of wetland communities
within the Barataria basin with the ecological models that
are presently available (VISSER et al, 2003).

The mass balance model calculates the average salinity by
keeping track of the changing amounts of water and salt in
each subbasin (Figure 2; see Appendix for a detailed deserip-
tion of calculations performed by the model.) Monthly aver-
ages for rainfall, evapotranspiration, and the volumes of
fresh water diverted from the Mississippi River drive the cal-
culations. Monthly data on mean sea level and salinity de-
scribe boundary conditions at the mouth of Barataria Bay.
The assembled input and boundary data cover the 11-year
period of 1994 through 2004 (Figure 3). In addition to these
input data, five parameters enter into the calculation of ex-
chauge fluxes amoug the subbasins and between the Bara-
taria basin and coastal waters (Figure 2). One additional pa-
rameter, an evaporation coefficient similar to a pan coeffi-
cient, is used to calculate actual evapotrauspiration rates
over land areas as a fraction of the rate of potential evapo-
ration.

Reference State

The reference state represents assumed true state of the
system and is defined by the assumed true values for rainfall,
salinity, and the model parameters that represent the rela-
tionship between rainfall and salinity. True values of mean
areal rainfall for the basin are calculated by applying the
Thiessen polygon poiut-to-area interpolation method (SaH
and CHOWDHURY, 1986) to rain gauge data from 12 sites
(Figure 1). True values for the parameters in the salinity
model (Table 1) are selected so that subbasin salinity values,
calculated on the basis of the true mean area rainfall, repro-
duce the overall magnitude and patterns of variation in mea-
sured salinity values (Fignre 3 and Table 2). The influence of
tides and spatial variation within each subbasin, which are
not accounted for by the model calculations, are evident in
the comparison between caleulated and observed values. The
salinity values calculated from the reference state rainfall
data and model parameters comprise the “true” values of sa-
linity in each of the subbasins.

Sources of Uncertainty

Using the salinity model as a test bed for experimentation,
we selectively contaminated with uneertainty the subbasin
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Figure 3.

Monthly rainfall (bars) and potential evaporation (curve) salinity in sub-basin 1
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(Right panel) Salinity model predictions (continuous line) in the four subbasing corresponding to the “true” parameters of the reference rnn

compared with actual salinity observations {(circles). (Left panel) Examples of time series of hydrologic forcings for subbasin 3 (rainfall, potential evapo-
ration, diversion flow} and other variables used tu drive the reference rnn (gulf boundary salinity, and seawater level).
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Table 1. True parameters usd in the reference run and the feasible ranges
assumed for the prior parameler distHbutions.

X, Xy X, X, X. K

Reference true value 1.0 0.1 4.0 0.5 50 0.75
Prior range 0-300 ©-300 0-300 0-300 0-300 O0-1

mean galinity and rainfall defined by the reference state. We
then analyzed the effect that this introduced uncertainty had
on the model parameters and the calculated salinity values.
We next describe how such sources of uncertainty are simu-
lated and introduced.

Simulation of Uncertainty in Salinity Data

Instrument errors are the most direct source of uncertainty
in the salinity data used to calibrate the model. However,
whereas the model provides subbasin average salinity pre-
dictions, the calibration data represent salinity at a much
smaller scale, i.e, as single-point measurements, providing
another important source of uncertainty. Typically, uncer-
tainty arising from instrumental errors will be small in the
case of salinity measurements. However, uncertainty because
of the mismatch between the model and observation scales,
along with the effect of basin subscale salinity spatial vari-
ability, can be significant, especially in cases of sparse spatial
sampling. In the case of Barataria basin, no more than one
salinity measuring station was available in any of the four
subbasins over the modeled peried (11 y). However, salinity
measurements at three stations in subbasin 2 were available
for a limited number of years. These observations were ana-
lyzed to assess empirically the significance of spatial vari-
ability in salinity measurements. The standard deviation of
differences between point and subbasin average salinities
was found to be as high as 1 te 1.5 ppt. To study the effect
of such uncertainty, we introduce uormally distributed ran-
dom errors with varying levels of variance into the subbasin
salinity calibration data,

Another source of uncertainty in the salinity data arises
from incomplete spatial coverage by the data available for
model calibration. For example, in Barataria basin, continu-
ous salinity observations were not available iu subbasin 1
during the modeling period (1994-2005). This sitnation is
typically encountered in many meodeling applications, espe-
cially when extensive observational periods are needed. To
address this issue, the reference salinity data used for model
calibration are removed in one or more of the subbasins.
Then, we assess the effect of such partially missing data on
both the estimation of model parameters and the subsequent
model predictions.

Simulation of Uncertainty in Rainfall Data

Among different freashwater sources, rainfall is one of the
most challenging to quantify. This is attributed to two main
reasons: insufficient spatial sampling and lack of accurate
information on the magnitude of rainfall spatial variability.
In the case of the Barataria basin, and in many other estu-
arine systems, rainfall sampling is sparse (approximately one

Table 2. Comparison of observed salinities and the eorresponding values
calculated by the calibrated box model used in this study to define the true
reference state. Differences between observations and model ealeulations nre
quantified by the average of absalute differences. Actual salintty observa-
tions were not available 1n subbasin 1.

Average Salinity (ppt)

Absolute
Subbasin Observed Calculated Difference
2 19 2.1 14
3 4.3 4.5 2.6
4 14.9 12.4 4.4

gauge for every 500 km?) (Figure 1). This introduces uncer-
tainty in evaluating the mean areal rainfall required as input
for salinity forecast calculatious. Such uncertaiuty is en-
hanced where rainfall exhibits high natural spatial variabil-
ity over scales comparable to the spacing between gauges.

The problem of characterizing uncertainty associated with
estimation of mean areal rainfall with sparse sampling has
been the subject of several studies in the last few decades.
Geospatial methods and other approaches based on modeling
spatial variability of rainfall have been developed and applied
in earlier studies (e.g., BRAS and RODRIGUEZ-ITURBE, 1985;
Krasrwski, 1987; RoDRIGUEZ-ITURBE and MEJ1A, 1974). In
this study, an empirical approach is used to model the errors
caused by the use of sparse rain gauge stations to estimate
areal average rainfall. For illustration purposes, one scenario
of rainfall sampling is examined herein in which areal aver-
age rainfall over each snbbasin is estimated with a single
rain gauge randomly located in the subbasin domain. A mul-
tiplicative model similar to that proposed by KrRAJEWSKI
(1987) and applied by BRADLEY et al. (2002) is used to de-
scribe the mismatch between observations of a single rain
gauge located within the subbasin, B, and the true areal rain-
fall averaged over the subbasin area, R,

R, = &(R)R, (1)

where £(R,) is a random variable representing the error as-
sociated with estimating subbasin areal average rainfall with
a single gauge. In this model, the error term, £, depends on
the true areal rainfall (R,) and is described by a probability
distribution, which can be estimated by analyzing a sample
of simnltaneons point and areal rainfall (K, R,). As illus-
trated later in the Results section, we sample this distribu-
tion to generate realizations of the rainfall sampling error
e(R,), which are used in Equation (1) to introdnee statistically
representative uncertainty into the reference trne values of
R

ar

Uncertainty Analysis Scheme

Different. scenarios of nncertainty in the input data {rain-
fall) and the calibration data (salinity) are analyzed. First,
we examine three scenarios in which different types of un-
certainty are introduced separately. In the first scenario, we
introduce a normally distributed random error (with different
variance values) into the subbasin salinity values. The second
scenario introduces incomplete coverage of salinity monitor-
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ing by omitting salinity values in selected snbbasins from the
calibration data. The third scenario introduces error into the
subbasin rainfall values on the basis of the model described
in Equation (1}, Next, we examine the effects of different com-
binations of these three uncertainty scenarios.

For each scenario, we use an optimization and uncertainty
analysis method known as the Shuffled Complex Evolution
Metropolis (SCEM-UA) algorithm (DUAN, SORCOSHIAN, and
GupTa, 1992; VRUGT et al, 2003). We use this method to
propagate uncertainties introduced into rainfall and salinity
data and to assess their effect on estimating the model pa-
rameters and on the predicted salinity values. The SCEM-
UA algorithm is based on Markov Chain Monte Carlo
(MCMC) technigues for Bayesian inference (GILKS, RICHARD-
SON, and SPIEGELHALTER, 1995), which have been applied
increasingly in analysis of hydroecological and environmental
systems (ENGELAND, XU, and GOTTSCHaALK, 2005; OMLIN
and RErcaERT, 1999; QAN et al, 2003). Unlike classical sta-
tistics, Bayesian statistics treat the model parameters asran-
dom variables characterized by their probability density func-
tions {OMLIN and REICHERT, 1999). Prior information on pa-
rameter distributions are then combined with observed data
on state variables to provide improved and updated estimates
of the parameter distributions. These updated distribntions
are often termed posterior distributions. Several recent ap-
plication studies have demonstrated the utility of the SCEM-
UA algorithm as a useful tool for estimating both the most
likely parameter set and its posterior probability distribution
(e.g, HEIMOVAARA et al, 2004; RaaT et al, 2004; VRUGT,
DERKER, and BouTen, 2003). A full description of the algo-
rithm is available in VRuGT et al (2008), and only a brief
description is given herein. .

The algorithm starts with an initial population of param-
eter sets randomly sampled from an assumed predefined fea-
sible probability distribution. The SCEM-UA runs a MCMC
process long enongh so that it eventually evolves to the pos-
terior distribution of the model parameters after being up-
dated according to the observed data. To estimate the pos-
terior distribution of each parameter set, the SCEM-UA al-
gorithm assumes that the model error residuals are mutually
independent and normally distributed. This assumption was
supported by examining the distribution of the mass balance
model residuals after calibration against a set of actnal
monthly salinity observations in the Barataria basin. As
such, the likelihood of a certain parameter set 6, to describe
the observed data y, L(8;|y), is defined by Equation (2),

17
,EZ

J-1

% = 540"

a

Li8,]y) = exp (2)

where ¥ denotes the available r number of measurements, ¥
denotes the corresponding model predictions for the param-
eter set 6, and o represents the error standard deviation of
the measurements {(monthly salinity values in this study).
The prior distributions of the model parameters were as-
sumed uniform with a range that covers the feasible space of
each parameter (Table 1). For each exchange flux parameter
X, the range was set between 0 and 300, With respect to the
true valnes of the parameters, the choice of such wide range

is appropriate given that in real applications, little prior in-
formation is available on the actnal parameter values, For
the E, evapotranspiration coefficient, the prior uniform range
was selected between 0 and 1, which represents a feasible
range for this parameter.

The SCEM-UA nses a quantitative criterion to check the
convergence to a posterior distribution. In this study, the
mass balance model is run for a total of 10,000 simulations
for each uncertainty scenario. It was noted that in most cases,
a stable posterior distribution was achieved after 5000 to
7000 model evaluations. After convergence, the most likely
set of model parameters is identified. In addition, the cali-
brated sets of parameters in the last 3000 model simulations
are considered to approximate the posterior distribution of
the model parameters and can be used to describe the param-
eter uncertainty (e.g, in terms of the 95% confidence inter-
val).

These sets of parameters are subsequently used to gener-
ate different realizations of the model salinity output and to
quantify the model prediction uncertainty. In addition to vi-
sual inspection of the time series of the last 3000 model sim-
ulations, their uncertainty was quantified with the statistical
measures average bias, B, and average 95% uncertainty
range, UR,

N_,'=1 U
B = (3)

=n =N
%EGZM—@

UR = —¢ - (4)

where 0, is the “true” salinity observation at month i, M, is
the corresponding meodel prediction for simulation j and
month i, N is the number of model evaluations econsidered for
deriving the posterior distribntion (N = 3000), r is the num-
ber of months in the simulation period, O is the average ob-
served salinity dnring » months, P,;, and P, , are the 2.5
and 97.5 percentiles of the model results, respectively, com-
puted from the N model simulations at each month i, and 3/
is the average salinity model prediction computed by aver-
aging M;; overalli = 1tonandj = 1toN.

RESULTS
Effect of Uncertainty in Salinity Data

The likelihood funetion of Equation (2) makes it possible to
incorporate information abont uncertainty associated with
the salinity calibration data through the error term o. The
size of this error reflects the reliability of the calibration data
and how closely it represents the value of the variable. As
such, large levels of o will resnlt in wider ranges of parameter
setg that can provide acceptable fitting to the calibration
data. This will subsequently cause wider uncertainty bounds
in the model simnlations.

Uncertainty in salinity data can he caused not only by ran-
dom instrumental errors but, more importantly, by errors as
a result of estimating snbbasin mean salinity from point mea-
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surements. As discussed earlier, analysis of salinity obser-
vations in one of the Barataria subbasins indicated that the
standard deviation of these errors are in the range of 1 to 1.5
ppt. To assess effects of snch nneertainty, different values of
o are considered: 0.1, 1, and 2 ppt. Although the case of ¢ =
0.1 ppt represents relatively low levels of nncertainty in the
salinity data, the case of o = 1 ppt represents more realistic
errors that are associated with the use of point salinity data
to calibrate the model. In addition, the case of ¢ = 2 is con-
gidered to investigate the effect of relatively large errors that
might characterize the salinity measnrements in other simi-
lar modeling situations. Examples of the results are given in
Figure 4 for the case of ¢ = 2 ppt. The posterior distribntion
of each parameter is summarized in terms of its 95% uncer-
tainty range for all o cases, Table 3. The corresponding effect
on the model simulations is also presented in terms of aver-
age bias (B) and average 95% nncertainty range (UR) calen-
lated over the entire simulation period according to Equa-
tions (4} and (5).

As expected, small random errors in the calibration data
(o = 0.1 ppt) resulted in narrow nncertainty ranges in the
retrieved parameters. The mean value of each parameter dis-
tribution was almost identical to the corresponding true pa-
rameter value, which resulted in negligible bias levels in the
model simnlations. The relatively narrow uncertainty bounds
of the parameters also resulted in similarly narrow model
uncertainty ranges. When o was increased to 1 ppt, the pa-
rameter uncertainty ranges started to become wider, which
has also caused rather congiderable uncertainty in the model
predictions, especiaﬂy in snbbasins 1 (44.5%) and 2 (17.5%).
In this simulation the true values of X, , and X, , are not
bounded within the 95% range, resulting in moderate levels
of bias in the model predictions, especially in subbasin 1. Ex-
amining the case of ¢ = 2 ppt, which represents rather high
errors in the calibration data, shows that the effect of cali-
bration data errors on both the parameter retrieval and the
accuracy of model predictiong continued to increase. Model
parameters had wide distribntions, which cansed significant
model uncertainty ranges, especially in subbasing 1 (86.3%)
and 2 (33.6%). Moreover, significant bias was observed with
model predictions in subbasin 1 (18.7%). For all ¢ cases, both
the bias and the uncertainty bounds of model predictions
were much less significant for subbasins that are closer to
the gulf boundary (subbasins 3 and 4) than in the inland sub-
basins (1 and 2). The effect was also most evident for sub-
basin 1 because of its relatively low salinity valnes compared
with the introduced random errors.

Effect of Incomplete Coverage in Salinity Data

Next we analyze the effect of incomplete coverage of salin-
ity monitoring in some of the subbasins. For illustration pur-
poses, this analysis was performed for two scenarios of par-
tially incomplete calibration data. The first scenario is the
case of missing data in one snhbasin (snbbasin 1 in the Bar-
ataria basin} and represents an example of common problems
of missing data. The second scenario assumes missing data
in two subbasins (1 and 4). This scenario represents an ex-
treme case of incomplete calibration data that might be en-

sub-basin 1

Salinily {ppt)

sub-basin 2

Salinity (ppt)

10 - sub-basin 3

Salinity (ppt)

sub-basin 4

1 L 1 ' 1 I 1

O L L .
1998 1989 2000 2001 2002 2003

Figure 4. Model salinity predictions associated with the case of intro-
ducing randomn errors in the salinity calibration data (@ = 2 ppt). Resulis
are shown from the last 3000 simulations after convergence of the SCEM-
UA algorithm. The dark line represents the reference run with “true”
model parameters.
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Table 3. The 35% confidence intervals of model parameters and average bias (B) and 95% uncertainty ranges (UR)} of model predictions as the result of
different lcvels of calibration random errors. B and UR statistics are shown for the four subbasins 1, 2, 3, and 4. Statistics are compuited from the last 3000
model simulations. Vilues in Parentheses are true reference parameter values.

Model Prediction

Model Parameter 95% Confidence Interval

;J:r;’: o o . X, X, E. Average Bias B (%) Average 95% UR (%)

(ppt} (1.0} (0.1} (4) (0.5) {50} (0.75) 1 2 3 4 1 2 3 4
0.1 0.73-1.24 0.06-0.14 3.9+4.1 0.33-0.73 49.7-50.3 0.748-0.752 -0.1 0 1] 0 5.8 2.1 0.7 0.2
1.0 0.14-4.3 0.13-0.48 2.8-5.8 0.71-4.53 47.7-52.6 0.73-0.77 7.3 1.5 0 0 44.5 17.5 6.7 2.0
2.0 0.26-8.6 0.13-0.79 2.6-7.8 1.3-10.7 46.8-56.6 0.70-0.77 18.7 4 0 0.1 86.3 336 13.3 41

countered in poorly monitored systems. The two scenarios
were tested under different levels of salinity calibration data
errors (0.1, 1, and 2 ppt) to examine the interaction of these
two different sources of uncertainty. Examples of the results
are given in Figure 5 for the case of missing data in subbasin
1, with o = 1 ppt. A statistical evaluation of the three ana-
lyzed error levels is presented in Table 4. In general, missing
calihration data in subbasin 1 had the most significant effect
on the estimation of parameter X, ., and on the model predic-
tions in subbagin 1. This effect was significantly augmented
when the value of calibration random errors increased from
0.1 to 1 and 2 ppt. As such, parameter X, , conld not be es-
timated with any precision (the estimated confidence interval
was nearly as wide as the prior assnmed range of 0 to 300).
Moreover, the average bias and 95% uncertainty range of
model predictions attained significantly large values of 132%
and 342%, respectively, in the case of ¢ = 1.0 ppt, and 284%
and 88.6%, respectively, in the case of o = 2.0 ppt.

The second scenario, in which calibration data were not
available in both subbasins 1 and 4 {Table 5), was investi-
gated with three values of ¢. This scenario was compared
against two other sceuarios: uncertainty because of missing
data in subbasin 1 only and uncertainty because of calibra-
tion random errors cnly. In contrast to other uncertainty sce-
narios examined before, this scenario has affected the retriev-
al of most of the model parameters, especially with o = 1 or
2 ppt. The parameter posterior distributions have become sig-
nificantly wider for parameters X, ,;, which controls flow ex-
changes between the gulf and the adjacent subbasin, and E_,
which determines the volume of fresh water lost through
evapotranspiration. The effect on model predictions in terms
of both the bias and the uncertainty bounds was also ampli-
fied because of the additional lack of data in subbasin 4. It is
interesting to notice that, although most model parameters
were affected by lack of calibration data in subbasin 4, model
predictions in subbasins 3 and 4 were less affected than the

two most inland subbasins (1 and 2} This pattern can be
explained by the possibility that parameters X, ; and E, com-
pensated for each other in snch a way to respect the imposed
salinity at the Gulf southern boundary condition of the model.
In snpport of this interpretation, the posterior distributions
of the parameters X, , and E_ showed a relatively high cor-
relation coefficient.

Effect of Insufficient Rainfall Sampling

Rainfall exhibits a high degree of spatial variability on the
scale of the Barataria basin. This combined with the rela-
tively sparse coverage hy rain gauges introduces uncertainty
into estimates of basin average rainfall required for salinity
predictions. As described earlier, this uncertainty can be rep-
resented through the error term (2) that measures differences
between subbasin mean rainfall (R,) and measurements of a
single rain gauge station (R,) [Equation (1)]. The probability
distribution of the error term is estimated by analyzing the
(R,, R} joint sample assembled from rainfall data for the 11-
year period 1984 through 2004. A sample of R, is readily ob-
tained from rain gauge data within each subbasin. The sub-
basin reference state rainfall B, is derived by applying the
Thiessen polygons interpolation method with data from all
available rain gauges in each subbasin. The error term (z),
computed as the ratio E_/R,, exhibits a clear dependence on
the magnitude of R,, (Figure 6a), decreasing sharply as R,
increases. Analysis of the empirical probability distribution
of & indicated that it could be reasonably modeled with a log-
normal distribution described by its first two moments, the
mean Elgl, or i, and the variance Var{e}, or o2. However, to
account for the dependency of ¢ on E,, these two moments
should be conditionally characterized: b, and o%; . A sim-
ilar approach was recently applied by C1acH and GIEBREM-
ICHAEL {2004) to model uncertainty in radar rainfall esti-
mates. The (R, R} sample was partitioned into subsamples

Table 4. Some as in Table 3 but for the ease of missing calibration data in subbasin I under different levels of calibration random errors. Values in

peorentheses are true reference parameter values.

Model Parameter 95% Confidence Interval

Model Prediction

5D of ] . o .
Frvar X, X, X, X, X, E. Average Bias B (%) Average 95% UR (%)
(ppt) (1.00 (0.1} (4} (0.5) {50) (0.75} 1 2 3 4 1 2 3 4
0.1 0.22-2.4 0.07-014 3941 0.35-071 49.7-50.3 0.74-0.75 2.4 0.1 0 0 26.6 24 0.73 0.2
1.0 0.46-254.9 0.08-0.56 2.5-5.7 0.32-3.86 47.5-53 0.72-0.77 132 2.6 -1 0 342 19 7.5 2
2.0 9.04-267.7 0.20-1.04 20-7.1 1.4-10.5 46.1-554 0.71-0.79 284 7 0.5 0 886 376 132 4.1
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Figure 5. The 95% uncertainty ranges of model salinity predictions as
a result of missing calibration data in subbasin 1 and calibration random
errors with ¢ = 1 ppt. The dark line represents the reference 1un with
“true” model parameters (for this particular uncertainty case, the lower
uncertainty range of salinity predictions in snhbasin 1 coincides with the
reference rnn).
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Figure 6. (a) Scatter plot of the areal rainfall estimation ervor & vs. the
corresponding areal rainfall K. The solid line indicates the fitted function
of the conditional standard deviation of e. {b) An example of 5300 reali-
zations of rainfall time series generated for snbbasin 3 by the rainfall
empirical model. The dark line represents “true” rainfall used to generate

the realizations.

conditioned on /,, and the means and the standard devia-
tions of these subsamples were computed. As expected |, ),
was close to 1 for all ranges of K, but 02, decreased with
the increase of R, as shown in Figure 6a. The dependence of
a2, can be conveniently approximated as shown in Figure
6a by Equation (5),

oy, = alR) P (5)

M

where « and B are empirical fitting coefficients. An example
of 500 rcalizations of rainfall time series generated for snb-
basin 3 is shown in Figure 6b. The generated realizations are
unbiased as a result of the imposed condition p,,, — 1.
Thousands of statistically possible time series realizations
of point rainfall observations for each subbasin in the Bara-
taria estnary were generated by sampling from the lognormal
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Table 5. Same as in Table 4 but for the case of missing calibration date in subbasins 1 and 4. Values in pareniheses are true reference parameter values.

Model Parameter 95% Confidence Interval

Model Prediction

S of . _ =
Average Bias B {9 raue G5O %
Error X, X, X, X, X, . ) verage Bias B (%) Avcrage 95% UR (%)
{ppt) (1.0) (0.1) 4) (0.5 (50} {0.75) 1 2 3 4 1 2 3 4
0.1 0.05-1.74 0.05-0.27 3.8-134 0.28-167 136498 0.75-0.82 -54 -38 -1 -15 358 157 10.2 28.6
1.0 1.25-2595 0.10-054 1478 04645 36.3-683 0.70-0.78 138 2.6 0.5 0.2 200 22.4 10.2 20.2
2.0 2.7-291 0.13-1.38  0.9-16.7 2.2-154 26.8-71 0.65-0.79 267 8 1 3 204 40.3 20.2 28.6

distribution described previously. Each time series realiza-
tion was then used as input to the mass balance model. The
SCEM-UA algorithm was applied o estimate the posterior
probability distributions of the model parameters. Distribu-
tions of each parameter were then merged from all realiza-
tions to provide a distribution that refiects the effect of un-
certain rainfall input. These parameter sets were used to run
the model and analyze the salinity predictions in each sub-
basin.

The most obvious effect of rainfall uncertainty is in the
inereased uncertainty ranges of all parameters, The analysis
was performed for the three error levels of the salinity cali-
bration data as considered earlier: ¢ = 0.1, 1, and 2 ppt. An
example of the results obtained with o = 0.1 ppt is shown in
Figure 7. A statistical summary of the three o cases is given
in Table 6. Unlike scenarios in which uncertainty was intro-
duced only through random errors in calibration data (Table
3), the uncertainty ranges of all parameters (including E_)
have become significantly wide. Because E, controls how
much fresh water is lost from each subbasin through evapo-
transpiration, the increase in its uncertainty range can be
explained by the attempt of the calibration procedure to com-
pensate for deviations of the uncertain rainfall input from the
“true” raiufall information. Such compensation was evident
in the relatively high correlations between the probability
distrihution of E, and those of two of the other model param-
eters (X, , and X, ;).

The wide parameter uncertainty ranges resulted in a sig-
nificant increase in the uncertainty of model predictions. Pre-
dictions in the four subbasins attained relatively wide uncer-
tainty bounds regardless of the assumed error level in the
salinity calibration data. The introduction of rainfall esti-
mation uncertainty alone or with negligible calibration data
random errors did not cause any significant biases in the
model simulations {<1.8% for all subbasins) because the er-
ror model used to simulate rainfall estimation uncertainty
preserves total rainfall volume (rainfall estimates with Equa-
tion (1) are unbiased with p,, = 1). Only when the error
levels of the calibration data increased (o = 1 or 2 ppt) do
biases in the simulated saliuities start to be significant.

Effect of Combined Sources of Uncertainty

It is not geuerally understood how different sources of var-
iation and error interact to determine the total uncertainty
in model predictions (ENGerunD, XU, and GOTTSCHALK,
2005). To investigate this interaction, the separate sources of
uncertainty analyzed before are introduced simultaneously,
and their combined effect on parameter estimates and salin-

ity predictions is compared with the results of each error act-
ing separately. The analysis examines the combined effect of
uncertainty in the salinity calibration data (¢ = 1 ppt), sa-
linity data missing in subbasin 1, and the uucertainty of es-
timatiug rainfall from a single gauge in each subbasin (Fig-
ure 8 and Table 7).

The comparison suggests that different sources of uncer-
tainty combine in such a way as to amplify their separate
effects, at least in one part of the model domain. The uncer-
tainty range for the parameter X, _, is now much wider (0.68
to 290) than in any of the individual uncertainty cases. The
95% uncertainty ranges for predicted salinity in subbasin 1
increases dramatically to 569% under the combined scenario
compared with 4.4%, 2.9%, and 186% when the effects of un-
certainty in the calibration data, missing data, and uncer-
tainty in rainfall, respectively, were introduced separately.
Similarly, the level of bias increases significantly from 7.3%,
—0.04%, and 1.39% for the separate sources to 255% when
they are combined. The effects of the combined scenario are
not as pronounced for predictions in the other subbasins
where the total uncertainty appears to be determined mostly
by the uncertainty in rainfall estimates.

DISCUSSION

In this study, we demonstrated the kind of information
that uncertainty analysis can provide to managers charged
with the protection and restoration of estuarine systems. Of
the three sources of uncertainty investigated here, the un-
certainty in area average rainfall volumes has the most sig-
nificant effect on salinity predictions in the Barataria basin.
The use of sparse rain gauge stations to estimate average
rainfall over the subbasin area lead to unidentifiable model
parameters, which has in turn caused large uncertainty in
the model predictions. In the upper portion of the basin, sub-
basin 1, salinity predictions are also sensitive to the effect of
incomplete coverage by the available salinity data. Therefore,
efforts to improve predictions should investigate the advan-
tages of alternative approaches to compiling the rainfall es-
timates needed to predict salinity, and salinity monitoring
should be expanded into the upper portion of the basin if
accurate predictions are required here. A more complete
analysis of uncertainty likely will uncover other factors that
should also be considered. The results of this study pointing
to the importance of rainfall imply that uncertainty in evap-
oration estimates, which were not considered in this study,
might be another important source of uncertainty in salinity
predictions. Rainfall and evaporation are major compoenents
in the freshwater budget of the basin, and they are similar
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Figure 7. The 95% uncertainty ranges of model salinity predictions as-
sociated with the case of uncertain rainfall input and o = 0.1 ppt. Dif-
ferent. input rainfall realizations, generated with the rainfall model error,
were used to simulate rainfall estimation uncertainty. The dark line rep-
resents the reference run with “true” area average raiufall.
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Figure 8. Uncertainty ranges of model salimly predictions associated
with combined sources of uncertainty: imperfect rainfall input, random
errors in calibration data (¢ = 1 ppt), and calibration data unavailahle
in subbasin 1. The dark line represents the reference run with “true” area
average rainfall.
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Table 6. Effect of errors in estimating areal auerage rainfall on uncertainties of model parameters and sirmulefions. Velues in parentheses are true reference

parameter valucs.

D of Model Parameter 95% Confidence Interval Model Prediction

o a0 i ¢ o ] <
Frror X, X, X, X.. Y. E Average Bias B (%) Average 95% UR (%)
{ppl} (1.0} 0.1 ) (0.5) (50) 0.75) 1 2 3 4 1 2 3 4
0.1 0.01-34 002-0.87 3.1-9.7 0.1-6.38 4B.6-64 0.656-0.82 1.8 -04 -01 -01 186 104 64 23
1.0 0.1-5.18 0.13-092 2.9-10.3 0.86-8.86 4B.9-648 0.65-0.82 8.9 0.7 -01 -01 195 103 64 23
2.0 0.18-10.5 0.09-1.07 2.7-11.7 146-14.0 48.5-668 0.65-0.82 23 25 -02 0 218 104 65 23

in magnitude and in their effect on estuarine salinity (Sum-
MER. AND BELAINEH, 2005). A complete evaluation of uncer-
tainty in salinity forecasts should include an analysis of the
uncertainty in evapotranspiration and cther factors not con-
sidered here, snch as the inflnence of Mississippi River flow
on salinity at the mouth of the basin (eg, WISEMAN and
SweNson, 1989).

The results of this study are valid only as long as the es-
tuarine system in the Barataria basin does not differ drasti-
cally from its state during the period 1994 through 2004, as
described by the available data and by the models nsed to
interpret these data. The diversion of even a small proportion
of the total discharge of the Mississippi River into the Bar-
ataria basin would alter the system beyond our ability to fore-
cast its response, except in only the most general terms. The
average flow from the diversions at Davis Pond, Naomi, and
West Point 4 la Hache (Fignre 1} in the period 1994 to 2004
amouuts to only about 3.1% of the Mississippi River dis-
charge. At only 1% of the river discharge, the diversion inflow
would exceed the present input of fresh water from rainfall
and increase the annual net supply of fresh water to the basin
by a factor of four or five. To forecast how the estuarine eco-
system wonld respond to much higher diversion inflows can
only be accomplished throngh comparative analysis {e.g,
FERREIRA et al,, 2005; SoL1s and PowgLL, 1999). As a prac-
tical matter, such drastic restoration measures are still sev-
eral years in the future. In the meantime, resource managers
can increase the diversion of water and sediment from the
Mississippi River into Barataria basin through existing strue-
tnres without driving the estuarine system to change nnpre-
dictably. For example current operations limit inflow at Da-
vis Pond (Figure 1) well below the design capacity of the
structure. Even at the structure’s full capacity (~10,000 ft¥/s

[~300 m¥s]) inflow through this diversion would not exceed
the input of fresh water to the basin from rainfall. The sub-
sidy to the net supply of fresh water in the basin by the in-
creases in diversions that are achievable within the next sev-
eral years are comparable to the magnitude of variation be-
tween wet vears and dry years. It should be possible to fore-
cast the response of the estuarine system to this level of
change, bnt we mnst evalnate the nncertainty inherent in
these forecasts and identify the critical information needed
to rednce this uncertainty,

CONCLUSIONS

In this paper, we presented uncertainty analyses of salinity
predictions provided by a mass balance box model for a coast-
al estuarine system. A Bayesian-based optimization and un-
certainty analysis algorithm was used to study the effect of
different sources of uncertainty on estimating model param-
eters and on the nncertainty of subsequent model predictions.
The performed analyses focused on uncertainty as a result of
random errors in calibration data, lack of sufficient coverage
in calibration data, and uncertainty associated with estimat-
ing hydrologic forcing inpnts. A simulation framework en-
abled us to assess the effects of individual as well combined
sources of uncertainty. The results indicated that the exam-
ined error sources lead to significantly wide posterior distri-
butions of the model parameters. In some cases, the posterior
distribution was as wide as the prior assumed feasible range
of the parameter. Lack of calibration data in certain areas of
the model domain caused moderate to large biases and ran-
dom errors in the model predictions. It is worth noting that
although model parameters were characterized with relative-
ly wide uncertainty ranges, they compensated for each other

Table 7. Effect of combined sources of uncertainties compared with individual unceratinty cases. (1) Errors in calibration data with o = 1 ppt. (if) missing
calibration data in subbasin 1, and (iif) uncertain rainfall input, Values in parentheses are true reference parameter values.

Model Parameter 85% Confidence Interval

Model Prediction

Average Bias B (%) Average 95% UR (%)

X Xos Xy P X, ¢ E,

Case (1.0} (0.1) (4) 10.5 (50) (0.75} 1 2 3 4 1 2 3 4
(i) 0.14—4.3 0.13-048 2.8-58 0.71-4.53 47.7-52.6 0.73-0.77 7.3 1.5 0 0 44.5 175 6.7 2.0
(i1) 0.88-1.1 0.09-0.1 3.94.0 047053 4959500 0.74-0.Y5 -0.04 0 0 0 29 0.24 (.08 0.02
(iii) 0.01-3.3 0.01-0.87 3.1-9.7 0.08-6.33 48.7-63.9 0.65-0.81 139 -05 -—-01 -01 186 104 64.6 23
(i) and (i1} 0.46-255 0.08-056 25-57 0.32-3.86 47553 0.72-0.77 132 26 -1 0 342 19 7.5 2
(i) and (i1} 0.1-51  0.13-092 29-10.3 0.86-8.86 48.3-64.8 0.65-0.82 8.9 07 -01 -01 195 103 64 23
(i1} and i} 0.01-300 0.01-0.86 2.3-9.6 0.03-6.2 47.4-63.5 0.66-0.83 199.0 14 0.5 —0.1 598 105 63.8 23.7
(i), (ii}, and (i) 0.7-290 (.09-1.0 2.1-9.7 04-7.8 47.563.9 0.66-0.83 2055 3.3 04 —01 569 104 63.8 23.7
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such that model predictions still matched the reference salin-
ity values in some of the subbasins.

Although this study was conducted for a particular estua-
rine system, the results obtained herein and the applied
methodologies have broader implications for other systems.
The use of a simulatiou framework, in which the response of
the system is known exactly, as an analog for the real world
can help resource managers design monitoring systems aud
identify data and information gaps in the variables of interest
in coastal restoration programs. This strategy is particularly
important in monitoring complex estuarine systems in which
limited equipment and human resources are available.
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APPENDIX
Barataria Mass Balance Model Calculations

To describe the components of the water and salt balance
and how each is calculated by the model, the Barataria basin
was divided into four subbasins (Figure 2). The surface area
of each subbasin (A4,) was partitioned into two parts: water
surface area (A,) and wetland and land surface area (4,).

Volumes of Subbasins (V)

Volume of water in each subbasin j and for each month ¢
is calculated according to monthly changes in the relative sea
level (SL).

Vi=V, ' + (Sl — SL1A Al

uy

Net Supply of Fresh Water (())

The monthly net supply of fresh water to each subbasin is
calculated as in Equation (A2),

G, =RA — BA, - EEA + G, (A2)

where R:, E! and %, represent rainfall, potential evapora-
tion, and river diversiou, respectively, for subbasin j and
month i. The model calculates losses from waterbodies at the
potential rate of evaporatiou, whereas losses from wetlaud
and land areas are calculated as a fraction of the potential
rate of evaporation. The fraction E, is one of the model pa-
rameters to be determined through calibration.

Mean Flows among Subbasins ((},)

The excess of water volume () in each subbasin 1s calcu-
lated first.

Ne= (Vi = Vi) — &, (A3)

Water excesses are used to calculate mean flow advection
fluxes {@,) between each connected pair of subbasins. Accord-
ing to the schematic shown in Figure 2, the following fluxes
need to be caleulated: §, ;_, between subbasins 1 and 2, Q,, 5
between subbasius 2 and 3, €,,_, between subbasins 3 aud
4, and §,, ¢ between subbasin 4 and the Gulf of Mexico. In
addition, hydraulic connections in the Barataria basiu indi-
cated that water can flow between subbasins 2 and 4, which
is represented by &, , . The following set of equations is used
to solve for each Q,.

Qe = N,

Qioy =Ny + Qf),1-2 - va,z_ez:
bdd Ny + @iy,
Qfm-(; =N+ Q:.,%i + Qf),a-& (Ad4)

Water Exchange Fluxes (X)

Exchange fluxes among the different subbasins occur as a
result of dispersion and wind and tidal mixing. To under-
stand the exchange flux, consider that at any time during a
certain month, the discharge of water between the estuarine
basin and the Gulf of Mexico can be represented as a sum of
a time-varying component and the {constant) mean discharge
for that month @,. The exchange flux X (same units as @)
represents the average magnitude of the time-varying com-
ponent of discharge. In the current model formulation, the
exchange flux X for each pair of subbasins is a represented
as a parameter to be estimated by calibration. Similar to @,
there are five of these exchange fluxes (parameters): X, ,,
X, . X, Xoy, and X ;. Although the mean discharge @,
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varies from month to month in response to changes in sea
level and in the net supply of fresh water, the model uses the
same value of each exchange flux X in its calculation of sa-
linity through the entire period of simulation.

It should be noted that although Equation (A4) includes
five unknown @, fluxes, continuity provides only four equa-
tions for their solution. This situation arises from the addi-
tional flux term @, ,, which was added to represent the con-
nection between subbasins 2 and 4. We addressed this con-
dition by assuming that the relative magnitudes of mean dis-
charge fluxes (g,) arranged in parallel are in the same
proportion as the correspending set of exchange fluxes X
Both the mean discharge and the exchange flux arise from
an underlying hydraulic connection; therefore, it is reason-
able to assume that the pathway with the larger exchange
flux would also support the larger mean discharge. This re-
sults in an additional relationship between @, , and @, ,
{Equation (A5)].

fes = Q;A-SXH/XH (A5)

Advective Fluxes of Salt (SQ)

For each time step, the advective salt fluxes associated
with the mean fluxes of water are calculated as the product
of @, between each two connected subbasing and the salinity
8 of the “upstream” subbasin. For example, S@,_, is calcu-

lated as S _, = @, 8! if the flow direction is from subbasin
1 to subbasin 2, or as S¢_, = &5 if the flow is in the
opposite direction. Similar calculations are applied for the
other advective fluxes S@, ,, S&; ,, SQ; ,, and SQ, ;. The
flux between the Gulf and subbasin 4, SQ, ., is similarly cal-
culated with either S, or the boundary salinity S;.

Exchange Fluxes of Salt (5X)

After the flow directions assumed in Figure 2, fluxes of salt
carried by exchange flows are calculated as the product of X
between each two connected subbasing and the difference in
their salinities. For example, SX, ., is calculated as SX; , =
X, »(8; — Si). Similar calculations are used for the other flux
terms SX,_,, 8X, ,, SX, ,, 8X, ,, and 8X_ .

Subbasin Salinity (5)

Finally, the monthly average salinity in each subbasin is
calculated by dividing the salt content by the volume of water
in the subbasin. For example, salinity in subbasin 1 is cal-
culated as in Equation (A6).

SV + 8Qq, + 8%y,

[it1 =
1 +1
Vi

(AB)

Similar calculations are performed to estimate monthly sa-
linities in the other three subbasins.
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