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Highlights

e Attenuation models varied in performances for shallow, turbid water temperatures.

e A new approach was developed from a relationship between surface salinity and PAR.

e The best overall performance involved surface trapping of incoming solar radiation.

e The evaluation of synoptic variability revealed a seasonal pattern in model performance.

e Surface correction to the net heat flux improved all temperature results.

Abstract

Accurate estimation of water column temperature is vital for modeling physical and biogeochemical
processes. A key process in the thermal dynamics of the upper ocean is the attenuation of solar
radiation. In shallow-turbid coastal systems, spatially and temporally varying optical characteristics
present challenges for commonly used attenuation parameterization schemes. This study
investigates the dependency of temperature with a ROMS model of Mobile Bay, a shallow, turbid
estuary, using six different attenuation approaches including three base cases: Conventional
approach PS77 based on water type-9; Novel approach SAL relating in situ PAR attenuation to
salinity; and Surface trapped irradiance method ST. In addition, these base cases are also tested

with surface atmospheric heat flux correction (QC). Simulations were validated against
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observations from various sources to identify the optimal approach at annual and synoptic scales.
While all simulations showed effective temperature performance over an annual cycle, monthly
analysis revealed some seasonality, with winter months typically performing better than summer
months. The influence of QC notably enhanced temperature performance in both annual and
synoptic scales, given that surface heat flux primarily drove temperature changes in this shallow
system. The best overall performance was determined to be the ST approach incorporating QC.
Conversely, PS77 without QC demonstrated the poorest performance. The SAL model with QC,
notably improved performance over PS77 with QC, yet demonstrated comparable yet weaker
performance compared to the ST model with QC. The study also implies that neglecting
subseasonal validation in long-term regional climate modeling could introduce uncertainty into

analyzing events tied to subseasonal temperatures.

Keywords: ROMS, Solar attenuation, Temperature, Turbidity, Salinity, Heat flux, Shallow estuary

1. Introduction

Modeling efforts are rapidly advancing for coastal ecosystems, with temperature emerging
as a state variable of critical importance. Precise estimation and modeling of temperature are
paramount in investigating and predicting hydrodynamical and biogeochemical processes in coastal
environments. Moreover, integrating hydrodynamical and biogeochemical models requires
improved temperature simulations as the rate of biogeochemical processes approximately doubles
per 10°C change in temperature (James, 1953; Hegarty,1973; Tjoelker, 2001). A fundamental
control on the temperature is the penetration of solar radiation through the water column, which
decreases exponentially with depth (Denman, 1973). The extent of this depth-dependent absorption
of solar radiation is subject to variations influenced by the optical characteristics of the water
column, which involve interactions with particulate and dissolved constituents. These interactions
are particularly pronounced in coastal water bodies, highlighting the direct impact of water clarity
on solar radiation absorption and, consequently, the vertical temperature distribution within the

water column (Dake and Harleman, 1969; Zaneveld et al., 1981; Kara et al., 2004, 2005a, 2005b).

To account for the impact of water clarity, Jerlov (1976) proposed an optical classification

system, categorizing seawater into nine types based on water clarity, primarily determined by the
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amount of particulate and dissolved matter present. Ranging from clear open ocean water (Type I)
to turbid coastal water (Type 9), each type is associated with distinct attenuation coefficients that
characterize the optical properties governing the attenuation of light in seawater. The penetration
of solar radiation into the water column decreases with increasing water type number. Utilizing the
empirical attenuation coefficients of Jerlov’s seawater types, Paulson and Simpson (1977, hereafter
referred to as PS77) developed an improved parameterization of attenuation by using a double
exponential formulation, one for shortwave wavelengths and one for infrared wavelengths. This
formulation is widely used in community ocean models such as the Regional Ocean Modeling
System (ROMS, Shchepetkin & McWilliams, 2005) to parameterize the attenuation of solar
radiation and subsequent water column temperature. However, this formulation simplifies the
transmission of solar radiation by employing exponential functions that rely on a single optical
water type. This simplification fails to adequately capture the heterogeneous nature of the coastal
ocean environment, where spatially variable optical properties are observed across salinity
gradients and different estuaries (Schaeffer et al. 2011; Le et al. 2015; Liu et al., 2021). This
shortcoming of the model underscores the need for a more flexible approach that can better

represent the transmission process.

In this regard, a more precise vertical distribution of solar radiation in oceanic environments
was developed with Inherent Optical Property (IOP) based optical models. This model accounts for
spatial variations in optical properties, considering the differences in attenuation coefficients. Lee
et al. (2005, referred to as Lee05) developed such a model based on observed absorption, and
backscattering coefficients, which are adequately obtained through satellite ocean color remote
sensing. This availability enables Lee05 to effectively quantify solar radiation transmission across
various ocean water types, each with its distinct optical properties. However, this model tends to
underestimate solar radiation transmission in coastal waters characterized by a high proportion of
colored dissolved organic matter (CDOM) or total suspended sediments (TSS) (Zoffoli et al., 2017).
Moreover, the inaccurate assumption of uniform IOP distribution throughout the water column
underestimates subsurface attenuation in stratified conditions (Xing et al., 2020). Consequently,
accurately predicting the entire photosynthetically active radiation (PAR) profile becomes
challenging when relying solely on sea-surface IOP information obtained from ocean color remote

sensing data.
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Another significant challenge for accurately determining water temperature in coastal
regions using common numerical approaches arises from excessive heating in shallow water. This
issue typically stems from the interpolation of coarse forcing data into high-resolution coastal
model grids, leading to deviations in temperature simulations (Ji et al., 2015). To mitigate the excess
heating in the coastal water column, a practical data assimilation method of the model called "Q-
correction" (referred to as QC) is employed. The QC technique involves a rapid correction of the
net heat flux component of the atmospheric forcing conditions on the ocean surface, aiming to
rectify the errors in the spatial mismatch between the meteorological forcing field and model grid
(Barnier et al., 1995; Hetland and DiMarco, 2012; Zhang et al., 2012; Ji et al., 2015). The QC
method effectively reduces errors by inserting the observed SST information into the primitive
temperature transport equation to adjust the net heat flux at the surface. This incorporation
introduces the information of actual observed data into the model. A detailed description of this

approach is given in method section 3.2.4.

Based on these previous findings and considering the many factors influencing temperature
simulations of coastal waters, this study investigated the impact of existing and novel attenuation
parameterization methods on temperature simulations in a shallow, turbid marine system. The study
area is Mobile Bay in the northern Gulf of Mexico, a shallow, river-dominated estuarine system
where optical properties are spatially and temporally varying (Le et al. 2015). This study evaluates
the efficacy and accuracy of six different modeling approaches for light attenuation in Mobile Bay
by employing year-long simulations of the Regional Ocean Modeling System (ROMS). In addition
to the existing conventional methods (e.g., PS77 and surface trapping of solar attenuation), a novel
attenuation parameterization algorithm based on surface salinity is introduced (This method is
referred as SAL hereafter). In this approach, surface salinity is used as a proxy for CDOM and TSS
following the expectation of Xu et al. (2005). By conducting simulations with diverse attenuation
parameterization approaches, this study aims to identify methods for improving the efficacy of
model-based temperature estimations in shallow, turbid coastal waters under annual and
subseasonal time scales. The attenuation approaches and validation methods are explained in
section 3. Temperature validation of these models with observations are detailed in section 4.

Rationales for differences in performance of these approaches are discussed in section 5.
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2. Study Site

Mobile Bay is a wide, shallow drowned-river valley estuary on the northern Gulf of Mexico
(Fig. 1). The bay is large, extending 48 km in length with a maximum width of 39 km. The deepest
sections are concentrated within the dredged shipping channel, reaching a depth of nearly 16 m,
while the average depth across the bay is approximately 3 m. Characterized as a micro-tidal estuary,
Mobile Bay is predominantly influenced by river inputs, specifically from the Alabama and
Tombigbee rivers, within an extensive drainage basin covering an area of 115,467 km? (Quinn et
al., 1989). Notably, this river network generates the fourth largest streamflow in the United States
(Swann et al., 2008). The annual mean river discharge into Mobile Bay amounts to 1866 m® s™!
(Dykstra and Dzwonkowski 2021), with peak flow occurring from December to May and reduced
flow conditions prevailing from June to November. It is worth highlighting that the river discharge
serves as the primary source of material influx to the bay (Schroeder et al., 1990), significantly
influencing the temperature, salinity, CDOM, and total suspended sediments within the estuarine
system (Le et al. 2015).

Mobile Bay exhibits a high degree of turbidity, as indicated by an average Secchi disk depth
of 0.8 m over a three-year sampling period (Rashleigh et al., 2009). The primary cause of turbidity
in the bay is the presence of suspended sediments, which significantly contribute to light attenuation
(Estes Jr et al., 2015). Additionally, river discharge introduces approximately 4 million metric tons
of sediment into Mobile Bay each year, with nearly 70% of this sediment input occurring during
the spring season (Ryan and Goodell, 1972). During spring, characterized by high river discharge,
the bay displays spatially varying turbidity, with the northern region having higher levels and the
southern bay having lower levels. During the summer season, minimal spatial variability in
turbidity was observed, except for a distinct low signal in the mid-bay region. The fall season
represented a transitional period, followed by a highly turbid winter period (La Violette et al., 1998),
wherein winter wind events generated the most significant mixing power within this shallow system
(Schroeder et al., 1990).
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Fig. 1. Map of Mobile Bay with coloration representing the depth. Red circles denote fixed ARCOS
stations while white circles represent selected CTD locations. Black dot on the shelf represents
offshore FOCAL mooring station at 20m isobath. Inset map shows the bay location in U.S

mainland.

Similarly, salinity in Mobile Bay experiences significant spatial and temporal variability.
With the large river discharge and small tidal ranges, strong stratification is commonly observed
throughout the bay (Schroeder et al. 1990; Ryan et al. 1997; Park et al. 2007; Kim and Park 2012;
Coogan and Dzwonkowski 2018). During low discharge periods, strong stratification as high as 20
PSU m™ in the pycnocline occurs in the bay (Coogan et al., 2020). In contrast, during periods of
high discharge, the entire bay becomes predominantly freshwater-dominated and vertically mixed
except for the deep ship channel, which remains stratified (Schroeder et al., 1990). The seasonal
variability in discharge levels exerts a significant influence on the system, leading to reduced
horizontal salinity gradients between the mouth and head during low discharge events and enhanced
gradients during high discharge periods (Schroeder et al., 1990).
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As such, the pronounced spatial and temporal variability in the optical and hydrographic
conditions of Mobile Bay sets an ideal location for testing the performance of different attenuation

parameterization methods on temperature simulations.

3. Methods

3.1. Model setup

A numerical model of Mobile Bay that has been previously developed and evaluated against
observations of 2019 hydrographic data is used to test modifications to the solar attenuation
parameterization. The model developed by Liu et al. (2022) used ROMS, and the domain includes
the bay, delta, part of Mississippi Sound (MS), and the nearby coastal region (Fig. 1). The grid for
this model was generated utilizing bathymetry and topography data sourced from the 1/3 arc-second
NAVD 88 Coastal Digital Elevation Model of Mobile, Alabama (NOAA National Geophysical
Data Center, 2009). This dataset included a horizontal resolution of approximately 8.87 m in the
longitudinal direction and 10.27 m in the latitudinal direction. Supplementary information from 112
hydrographic surveys conducted between 2012 and 2019, accessible through the Army Corps of
Engineers eHydro Survey Data portal, was also incorporated to enhance accuracy by including the
recent bathymetric details for the Mobile River, Tombigbee River, and the shipping channel.

The model domain comprises 600 grid cells in the east-west direction, 840 grid cells in the
north-south direction, and 16 layers in the vertical dimension, with near surface and near bottom
refinement. A horizontally varying grid featuring a grid size of 70 - 90 m in the delta, shipping
channel, and tidal inlets was used to address the intricacies of the system. In the open boundaries,
this grid size gradually expands to 250 - 430 m. The wet/dry option was activated, enabling the
consideration of truncated topography up to 1.0 m above sea level.

The model was subjected to hydrodynamic and meteorological forces. Tidal elevation,
encompassing diurnal (K1, O1, Q1), semidiurnal (M2, S2, N2, K2), and over-tide constituents (M4,
M6), was obtained from the Western North Atlantic, Caribbean, and Gulf of Mexico ADCIRC Tidal
Databases. Open boundary conditions (western, southern, and eastern) were defined by hourly non-
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tidal water level and currents, along with temperature and salinity data from the Northern Gulf of
Mexico Operational Forecast System (NGOFS, Wei et al., 2014; Zheng et al., 2020). During 2019,
the Bonnet Carré Spillway in the lower Mississippi River was extensively operated from Feb - Jul,
resulting in significant increases in cumulative days of low salinity in the Western and Central
Mississippi Sound. This event was shown to elevate the pressure forcing impacting the circulation
in the bay (Wiggert et al. 2022). However, the NGOFS grid boundaries do not extend into the Lower
Mississippi River, placing the Bonnet Carré Spillway outside the model domain and excluding it
from the NGOFS forcing. River discharge at the closed northern boundary of Mobile Bay was
determined by aggregating data from the Alabama River (USGS 02428400), Tombigbee River
(USGS 02469761) and Satilpa Creek (USGS 02469800) stations. Meteorological forcing,
including 3-hourly solar radiation, precipitation, wind, air temperature, sea surface temperature,
and humidity, was sourced from the National Centers for Environmental Prediction (NCEP)’s
North American Regional Reanalysis (NARR) data with 32 km spatial resolution. The conventional
PS77 approach was utilized to parameterize solar attenuation within the model domain, utilizing
coefficients of Jerlov's water type 9 specifically for turbid waters. The model implemented a net
surface heat flux correction (QC) to eliminate differences between simulated sea surface
temperature and prescribed sea surface temperature, as detailed in section 3.2.4 (Barnier et al.,
1995).

This model simulation based on PS77 with QC-enabled attenuation scheme achieved a skill
score of above 0.97 in temperature when compared with annual time-series observations of fixed
long-term monitoring stations. However, it is crucial to acknowledge that the model's high skill in
simulating temperature is primarily associated with the overwhelming annual signal over smallest
subseasonal fluctuations, that are not well resolved. Additionally, validations with vertical
hydrographic profiles also highlighted notable inconsistencies in the model's representation of
vertical temperature distribution, suggesting the need for enhancements in the model temperature

performance.

3.2. Model Simulations
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To potentially enhance the temperature simulations utilizing this ROMS model, it is
necessary to accurately parametrize the attenuation of solar radiation in the water column. This
study considers three distinct base cases for attenuation parameterization: the conventional PS77
with water type-9 attenuation coefficients (PS77), a surface salinity-based attenuation (SAL)
scheme, and a surface trapped irradiance (ST) method. The performances of these three methods
are also tested with the surface atmospheric heat flux correction (QC) to facilitate additional
refinement of the temperature simulations. The models were set up with a maximum time step of 3
s. A yearlong simulation was conducted for 2019, capturing hourly records of model outputs. The

simulation began in November 2018, allowing for a two-month ramp-up.

3.2.1. PS77 with coefficients of Jerlov’s water type 9

The conventional approach for parameterizing the attenuation in the water column using
community ocean models such as ROMS utilizes the PS77 method. This method includes a three-
parameter double exponential function to describe the penetration of irradiance through an optically

homogeneous water column:
Izylo= R-e?v+(1-R) -e7? .

where I(z) is the irradiance at a given depth z and Iy is the net shortwave radiation at the surface. R
is the empirical apportioning constant, ¢ and u» are the empirical vertical attenuation coefficients
(m™), and these three empirical coefficients represent water clarity parameters and are determined
from Jerlov's different seawater types (Jerlov 1976, Table XXVIII). These water types vary from
clear ocean water to turbid coastal water. The first exponential term in equation (1) represents the
attenuation in the surface layer due to the absorption of IR spectrum, while the second exponential
stands for the attenuation of PAR in the deeper layers. For the model simulations of Mobile Bay
and the surrounding area, the coefficients of Jerlov’s type 9 were considered. This represents the
absorption and penetration of downward irradiance in turbid coastal waters. This simplified
approach of considering a constant attenuation coefficient through the entire model domain may
not accurately capture the spatially and temporarily varying optical properties in coastal waters (Ko

et al., 2016; Liu et al., 2021). This is likely true in Mobile Bay, a system characterized by turbidity,
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where the optical characteristics of the water column display both spatial and temporal variability

(La Violette et al., 1998).

3.2.2. Novel attenuation algorithm based on surface salinity

To account for the spatial and temporal variations in turbidity, a novel algorithm for
parameterizing the attenuation is proposed by combining the ideas of Lee05 (Lee et al., 2005) and
PS77. While the PS77 model fails to represent spatial variability in optical properties, Lee05
considers these variations, allowing for differences in attenuation coefficients and resulting in a
more precise vertical distribution of solar radiation. Decomposing the total downward irradiance
into visible (VIS, 350-700 nm) and infrared (IR, 700-2500 nm) bands, the Lee05 method defined

the vertical transmittance as
[(2)/1y = Fyjs - €XvisZ + (1 — Fy ) eXir? (2)

Where, Fyis is the ratio of the visible portion to total irradiance with a general value of 0.47. Kvis
and Kr are the diffuse attenuation coefficients varying with depth and sun angle for the visible and
infrared portions, respectively. Kvis also depends on inherent optical properties (IOP) of the water
column. Combining Lee05 (Eq. 2) with PS77 (Eq. 1), a new attenuation scheme based on in-situ
photosynthetically active radiation (PAR, 400 — 700 nm) measurement is proposed for shallow
turbid systems like Mobile Bay. This scheme assumes that the infrared portion (> 700 nm) is
absorbed by the surface layer, and uses an exponential function parameterizing the attenuation of

PAR, given as
1(2)/1y = Fpag - €XPARZ 4 (1 — Fpap)6 (3)

Where Krar is the attenuation coefficient derived from hydrographic CTD data available in Mobile
Bay and the adjacent shelf during April to September (stations are shown in Fig. 2a). Fpar = 0.45
is the energy fraction of PAR in the total shortwave radiance. This value is derived from the ARCOS
observations of PAR and solar radiation during April to September. § is 1 in the surface layer and
0 in other layers. To consider the wide variation of Kpar from the estuary head to the shelf, a

regression analysis (Fig. 2b) between Kpar and surface salinities leads to a new parameterization:
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When the surface salinity (S) approaches zero, the established correlation will become
nonoperative. Consequently, the lower limit for salinity is rigorously defined as 0.001 psu. The
coefficients a and b are 3.682 and -0.5017, respectively. This algorithm incorporates the attenuation
of photosynthetically active radiation (PAR) resulting from the presence of CDOM and TSS in the
water column. The surface salinity serves as a proxy for the CDOM or TSS concentration, taking
into consideration the inverse relationship observed between salinity and CDOM or TSS
concentration (Xu et al., 2005; Le et al., 2015). This new attenuation algorithm based on surface

salinity (SAL) is implemented into ROMS for the second temperature simulation.

(a) Depth(m) (b)
30.8 ‘ " 35 8
30 7t
I R?=0.69
308 6 le BIAS=0.15
25 RMSE=0.65
—~ 5 [ ] _
2 20 ini
T 304 £ hd ® Surface Salinity
= x4 Ky, o= as? ]
O 15 E PAR
—
X 3
30.2 jpors !
0 2
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-88.4 -88.2 -88 -87.8 0 10 20 30
Longitude Surface Salinity(PSU)

Fig. 2. (a) Map of Mobile Bay and adjacent coastal area showing CTD survey stations (white dots)
from April to September 2019 with the coloration representing depth. (b) Non-linear regression
analysis depicting the relationship between surface salinity (S) and PAR-derived attenuation

coefficients at the CTD stations.

3.2.3. Surface trapped (ST) irradiance method

In the context of the shallow water column, a significant challenge encountered when
employing the PS77 with water type 9 is the occurrence of excessive heating within the water

column. This deviation of temperature simulation may be primarily attributed to the errors in net
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ocean-atmosphere heat flux parametrization. Such heat flux errors in coastal sea areas may be
caused by interpolating the coarse atmospheric forcing data into high-resolution model grids, as
previously mentioned by Ji et al. (2015). The heat flux includes net short wave radiation that
penetrates the water column, where the remainder (i.e., net heat flux minus shortwave) is absorbed
in the surface-most layer. In a shallow system, if the penetration depth defined by water type 9
exceeds the water column depth, the remaining shortwave will likely be forced into the bottom
vertical layer, resulting in increased warming at the bottom. This suggests that minimizing the role
of shortwave radiation penetration may lower the water temperature in the underlying layers. This
objective can be accomplished through the application of a surface layer trapping technique
(referred as ST), which effectively prevents the penetration of short wave radiation into the water
column. By incorporating such measures, the excessive heating experienced at the bottom layer can
be potentially mitigated. In ROMS, this technique can be implemented by disabling the "SOLAR
SOURCE" option during the conventional model setup. However, the adoption of this methodology

may potentially lead to an increase in upper-layer temperature.

3.2.4. Base case simulations (PS77, SAL, ST) with heat flux correction (QC)

Interpolation of coarse resolution atmospheric forcing data into a model grid of fine
resolution may cause deviations in model temperature simulations. In the models, the atmospheric
forcing drawn from 3-hourly NARR data has a spatial resolution of 32 km while the model grid
size varies horizontally from 70 - 90 m in the delta, shipping channel, and tidal inlet to 250 - 430
m towards the open boundaries. This suggests that the impact of this data interpolation may greatly
affect the estuary compared to the shelf region. However, uncertainties could potentially be
mitigated by employing a finer temporal resolution of atmospheric forcing. Nonetheless, the
increased spatial variability between them is likely to remain a hindrance. To mitigate the expected
issue of excessive warming resulting from the interpolation of coarse forcing data in the shallow
water column during base simulations, a practical data assimilation technique known as Q-
correction (QC) 1s employed in the subsequent simulations. The purpose of QC is to rectify errors
in the meteorological forcing field by adjusting the net surface heat fluxes calculated by the
atmospheric model before they are input into the ocean model. This method has been previously

used and verified in many modeling efforts (e.g., Barnier et al. 1995, Hetland and DiMarco 2012,
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Zhang et al. 2012, and Ji et al. 2015). The control equation governing the time evolution of ocean
temperature at the surface is:
0T _ QNET
v E o pon (5)
Where Ky is the mixing coefficient that depend on depth; T is the ocean temperature; Qner is the
net surface heat flux; po is density; cp is the specific heat. The net heat flux Qner is obtained by

adding four components: shortwave solar radiation Qs, longwave infrared radiation Qir, sensible
heat flux Qn and latent heat flux Qe.

Qner = Qs+ Qir + Qu + Qg (6)

The estimate of net surface heat flux during the time integration of ocean model can be written as:
Qner(Ts) = QNET(TSCllm) + (— %)Tclim' Tscum - Ts) (7)
S

Where Ts is the model surface temperature and Ts®'™ is the climatological sea surface temperature.
The model's heat flux is expressed as the sum of two components: a prescribed climatological flux,
which can be estimated using atmospheric reanalysis data like NARR, and the correction term (QC)
proportional to the difference between the climatological SST and the model surface temperature.
This correction term is estimated by determining the difference between the heat fluxes computed
by the atmospheric model and the heat fluxes necessary to uphold observed ocean temperatures.
This disparity is then applied to adjust the model's heat fluxes. The relaxation coefficient 0Onet/0T
is derived from forcing data (NARR) using bulk formula (Barnier et al., 1995). This coefficient
characterizes how surface heat flux varies in response to changes in the model ocean surface

temperature over the climatological SST.

The influence of heat flux is quickly transmitted throughout the entire water column in the
shallow water region, but its impact diminishes with increasing water depth since the QC cannot
correct errors in the subsurface during model integration (Ji et al., 2015). Consequently, the QC
method exhibits a more pronounced correction effect in coastal regions compared to deeper water
areas, and model simulations that neglect this correction may lead to temperature estimation

deviations in shallow regions. To implement the QC methodology, the "QCORRECTION" option
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is enabled in the ROMS base setups. This option is utilized in conjunction with three base

simulations to test the impact of this correction process.

3.3. Validation of temperature simulations

Validation involves temperature simulations at annual and synoptic (month to month) scales
within the bay, focusing on the year 2019, a wet year with periodic low discharge conditions ideal
for performance validation due to the system's varied discharge conditions (Fig. 3). These
validations utilized temperature time series data from five real-time ARCOS (Alabama Real-Time
Coastal Observing System) stations (DI, BS, MP, KC, MBL) across the bay shoals (Fig. 1),
measured at approximately 0.5m above the bottom, with a temporal resolution of 30 min. Additional
understanding of the behavior of different attenuation approaches and insight into the depth-
dependent spatial variability was gained by examining the vertical temperature structure over
channel and shoal locations. The vertical temperature validation utilized CTD measurements at
three stations along the channel and three along the shoal of the bay (Fig. 1) from April to
September, totaling 36 casts. This enabled separate analysis of the channel (18 stations) and shoal
(18 stations) locations because of the very large depth difference between the sites. The sharp depth
contrast between the channel (~14 m) and shoal (~3 m) may lead to performance variations between
attenuation methods, necessitating careful examination. Additional insights into vertical
temperature performances were gained by validating them against offshore FOCAL (Fisheries
Oceanography in Coastal Alabama, Fig. 1) mooring temperatures at different depths. This offshore
validation provides critical information on the performance of models outside the bay, which is

critical considering the estuarine-shelf exchange performance of the models.
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Fig. 3. Hourly river discharges into Mobile Bay for 2019 which was derived from the combined
flows of the Alabama River, the Tombigbee River, and Satilpa Creek.

Simulated temperatures were validated against corresponding observations using metrics

such as Root Mean Square Error (RMSE), bias, skill, and correlation coefficient (r).

}Z{\L (M;—0;)?
RMSE = 1T (8)

Bias = HzMi00 ©)
=N |M-0|?

Skill=1— 2V (M-G1710-01)7

(10)

N T A
r = Zi:l(Ml Ml)(ol 0,) (11)

Jz£11<Mi—E)2 ZiLy (00,2

Where O and M are the observed and modeled data, respectively. The temporal average over the
number of observations (N) is represented by the overbar symbol. The RMSE value provides an
overall estimate of the prediction error, with lower values indicating better model performance
(smaller errors between predictions and actual). Bias refers to the deviation or offset between the
predictions and observed data, representing a consistent over-or underestimation by the model.
Evaluating and reducing bias is crucial for enhancing the model's accuracy. Ideally, a bias close to
zero indicates good agreement between the model and observed data. Skill acts as a global index
of overall agreement between model and observation. A Skill value of 1 denotes perfect agreement,
while 0 signifies complete disagreement between the model and observation. Pearson Correlation

Coefticient (r) describes the strength and direction of the linear relationship between observation
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and predictions. The correlation coefficient is meaningful only when there is a linear relationship
between the two variables being analyzed. When this relationship is linear, the correlation
coefficient accurately measures its strength. However, if the relationship is nonlinear, the
correlation coefficient's usefulness diminishes or becomes questionable (Ratner, 2009). The values
of r range from -1 (indicating a perfect negative correlation) to 1 (indicating a perfect positive
correlation), with 0 showing no linear correlation. Values of » between 0.7 and 1 (-0.7 and -1) signify
a strong positive (negative) linear relationship, indicating a solid linear rule. Values between 0.3
and 0.7 (-0.3 and -0.7) represent a moderate positive (negative) linear relationship, indicating a
somewhat less consistent linear rule. Values between 0 and 0.3 (0 and -0.3) represent a weak

positive (negative) linear relationship, indicating a very weak linear rule (Ratner, 2009).

Potential causes for weak model performance in the temperature time-series validations
underwent further examinations by assessing the different forcing conditions expected to impact
temperature simulations. Uncertainties in the atmospheric forcing of the model are assessed by
validating the NARR-based forcing products with high resolution ARCOS-based atmospheric
measurements across the bay and a NOAA NDBC station on Dauphin Island (DPIA1, Fig. 1).
Meteorological observations by ARCOS are available at one minute sampling frequency, while
NOAA NDBC has hourly measurements, both adjusted to a 10m height. Temporal resolutions of
the observations were adjusted as necessary to match the hourly outputs of the model or the time
step of the model forcing sources. The same performance metrics (i.e., Egs. 8-11) were utilized in
the assessments of the forcing.

4. Results

4.1. Yearly validations

Yearly validation of temperature simulations across all five ARCOS stations demonstrated
a high level of performance in replicating the annual temperature pattern typical of subtropical
systems. Several simulated cases are shown to highlight the overall quality of this annual
performance across the five ARCOS stations (Fig. 4). A comprehensive assessment of the various

model cases was achieved by aggregating annual performance metrics across the five ARCOS
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stations (Table 1). When aggregated across ARCOS stations, all simulations exhibited RMSE
values ranging from 0.75 to 1.16 °C, biases between 0.72 and 1.85 °C, and skill and correlation
coefficients ranging from 0.95 to 0.98. Notably, among these annual validations, simulations
incorporating QC exhibited favorable performance metrics compared to the base case simulations

without QC.

Nonetheless, differences in performance metrics persisted even across QC-enabled
simulations. Among the QC enabled simulations, the parameterization based on ST emerged as
optimal, displaying the best combination of reduced RSME and bias, along with increased skill and
correlation. Conversely, the conventional approach of PS77 without QC demonstrated the highest
deviation from observations and had the least favorable validation metrics. In comparison to PS77
without QC, RMSE and bias in temperature improved by 42% and 87%, respectively, in the ST
with QC approach. The novel surface salinity-based model (SAL and SAL with QC) exhibited
performance levels between the extremes represented by ST with QC and PS77 without QC. The
SAL (SAL with QC) approach outperformed PS77 (PS77 with QC) but lagged behind ST (ST with
QC) method.
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Fig. 4. Comparison between modeled and observed temperature time series during 2019 at five
ARCOS stations. The black line represents the observations, while blue, green, and red depict the
ST with QC (annual best), SAL with QC (salinity-based model), and PS77 (annual worst) based
temperatures, respectively. Remaining simulations can be found in supplementary materials: Fig.

S1, and statistical evaluations of individual stations are provided in supplementary materials: Table
S1.
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Simulatitors RMSE (C) Bias (°C) Skill r

PS77 1.16 1.85 0.96 0.95
PS77 with QC 0.95 1.14 0.97 0.97
ST 1.01 1.42 0.97 0.97
ST with QC 0.75 0.72 0.98 0.98
SAL 1.03 1.62 0.97 0.97
SAL with QC 0.89 0.86 0.98 0.98

455  Table 1. Statistical evaluation of temperatures simulated using six attenuation approaches for 2019.
456  The values are derived from the aggregate of annual simulation at five ARCOS stations.

457

458

459  4.2. Synoptic scale performances

460

461 Despite favorable summary metrics at the annual timescale, a detailed inspection of the time
462  series revealed notable deviations from observations in the synoptic scales across all simulations.
463  This synoptic variability in performance is exemplified by a few simulated cases across multiple
464  months at various ARCOS stations (Fig. 5). In these examples, the simulated temperatures
465  exhibited notable deviations from observation highlighting the need for additional performance

466  evaluation at the synoptic scale.
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Fig. 5. Hourly time series comparison between observed and three selected modeled temperatures

during (a) January (b) April (d) October at DI station and (c) July at KC station.

To better evaluate the ability of different light attenuation methods in capturing synoptic
scale variability, monthly performance metrics were compiled across ARCOS stations. To highlight
the patterns in the monthly performance metrics, several specific cases have been selected (Fig. 6).
Over the course of the year, several individual months performed at levels similar to those seen in
the annual evaluation. These higher performing months typically occurred in the winter, whereas
summer months demonstrated weaker performance metrics. This was most apparent in the bias,
skill, and correlation metrics. For example, in the PS77 case, the skill varied from 0.76 to 0.87
during winter months, while summer months showed variation between 0.48 to 0.57 (Fig. 6c).

Similar seasonality was evident in the bias and correlation coefficient (Figs. 6b, d). Only RMSE
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lacked a notable seasonal signal across most cases, although it displayed some signs of seasonality

in the PS77 case (Fig. 6a).
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Fig. 6. Time-series comparison of monthly validation metrics between complied simulations and
temperatures of ARCOS stations during 2019. Monthly comparisons of other simulations are
provided in supplementary materials Fig. S2. Note these metrics were averaged across only four
ARCOS stations (DI, BS, KC, MP) since data availability at MBL limit the ability to produce

monthly statistics for some months.

It is important to note that simulations with QC exhibited the most favorable performance.
While the magnitude of metrics such as RMSE, skill and bias favored QC enabled simulations, the
correlation coefficient showed limited improvement from the base cases. Despite little separation
in the correlation coefficient, the other performance metrics showed that both ST with QC and SAL
with QC were generally the best performing cases across most months. Interestingly, there appeared
to be a seasonality to the effectiveness of the QC, i.e. there was a bigger impact from QC in the
summer months. This can be seen by comparing PS77 with the ST with QC and SAL with QC (Fig.
6). The monthly statistical metrics revealed QC during summer months reduced the RSME and

bias by an average of nearly 45% across QC enabled simulations compared to those simulations
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without QC. Conversely, during winter, the reduction in temperature metrics after implementing

QC in simulations was <10%.

4.3. Validation of vertical temperatures

Examination of the vertical structure of the temperature simulations provided additional
insights into the behavior of different attenuation approaches and the influence of QC. The initial
examination of model cases at individual CTD stations in both the channel and shoals revealed a
complex representation of the vertical temperature structure. Some simulations at channel and shoal
stations were consistent with the observed vertical structure but exhibited notable bias from
observations (e.g., Fig. 7a), while others demonstrated lower bias, but had differences in the vertical
structure (Fig. 7b). However, some stations exhibited good fits between the model cases and
observations (Figs. 7c, d). Considering the station-to-station variability in the vertical structure of
simulations, aggregating the data from available months (Apr-Sept) provided a better understanding

of the general performance of different cases.

The validation based on aggregated data of channel and shoals revealed consistency with
the time series validations. Generally, ST with QC was the best performer, showing favorable
metrics in reproducing the vertical temperatures, followed by SAL with QC (Table 2). Conversely,
PS77 without QC showed the least favorable metrics. However, validation metrics of simulations
exhibited increased deviations from observations in the channel, while shoals showed lower
deviations. In the channel, all simulations showed RMSE values ranging from 2-2.8 °C, biases
from 1-1.9 °C, and skill and correlation ranging from 0.67 to 0.89. In the shoals, the RMSE range
was from 1.1-2 °C, bias from 0.7-1.8 °C, with skill and bias ranging from 0.88 to 0.97. Additionally,
the influence of QC in enhancing the temperature prediction had varied effectiveness between
channel and shoal. Relative to the base case simulations, QC-enabled simulations on the shoals
experienced a reduction of up to 1 °C in RMSE and bias, whereas the channel sites showed a

reduction of only approximately 0.60 °C.

Additional validation of offshore vertical temperatures using FOCAL mooring observations
provided critical insights into bay-shelf connectivity performance. Offshore validations for the

simulation year were conducted at surface (4 m), mid-depth (13 m), and bottom (18 m) depths
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(Table 3). Similar to the bay performance, the ST with QC model demonstrated strong metrics in
reproducing vertical temperatures at the shelf, followed by SAL with QC. Conversely, PS77 without
QC showed the least favorable metrics. This decline in performance was evident at all depths, with
RMSE increasing from 1°C to over 4°C, bias rising from 0.38°C to over 2.5°C, and skill and
correlation dropping from 0.98 to 0.71 from surface to bottom. Additionally, the influence of QC
in improving temperature prediction decreased with depth, from nearly 0.4°C improvement in
RMSE and bias at the surface to <0.05°C at the bottom. The decline in performance with depth on
the shelf suggests that the boundary conditions are likely more important on the shelf in deeper
waters. Errors in the boundary conditions are likely leaking into the lower portion of the water

column where the QC method is not effective at mitigating temperature error.
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0 — 0 0 2 0
I Z
I 7
2 = / 2+ .7
I 1 ¢ \
-4 1 1 4 ! 1
. | T 1 1 \ Iy
E s 1 \ 6 y 1
= 1 7] I i
Q
1 1 8t |
8 8 X ) 8 N
2 \ 2
10 l 10} 1
1 ~ 1
12 ! A 12 !
| 1 1
1 1
-14 -3 : -14 -3

28 29 30 31 32 27 28 29 30 31 25 26 27 28 29 30 31 32 33
Temperature (°C)

‘— = CTD ——PS77 ——PS77 With QC ST ——ST With QC SAL —— SAL With QC|

Fig. 7. Examples of the vertical temperature structure from observations and all the model cases
at different channel (a, c) and shoal (b, ¢) locations within Mobile Bay including station 9C, 3D

and 2A (see Fig. 1 for cast locations).
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(a) Channel Stations: 2A, 7D, 9C (b) Shoal Stations: 3D, 5A, 8J

Simulations RMSE Bias RMSE Bias
(°C) (°C)  Sskill r (°C) (°C)  skill r
PS77 2.83 1.97 0.79 0.76 2.03 1.89 0.88 0.95
PS77 with QC 2.48 1.29 083 0.74 141 1.04 0.94 0.96
ST 2.76 1.77 0.8 0.88 2.01 1.71 0.88 0.97
ST with QC 2 1.08 0.89 0.86 1.11 0.77 0.95 0.96
SAL 2.78 1.83 0.81 0.8 1.91 1.87 0.89 0.96
SAL with QC 2.34 1.22 0.86  0.67 1.18 0.97 0.96 0.94

547  Table 2. Validation of vertical temperature simulations against vertical CTD temperatures of(a)
548  channel and (b) shoals. The values correspond to the averages of validation conducted at three-
549  channel stations and three shoal stations during Apr-Sept with one cast occurring per month.

550

551

552

553  Table 3. Validation of offshore temperature against (a) surface (b) mid-depth and (c) bottom
554  temperatures of FOCAL during the simulation year 2019.

555

556

557

558

559
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5. Discussion

5.1. Annual versus synoptic variability in performances

The temperature performance of different cases showed variability across different time
scales, with notable changes in accuracy. The simulations consistently demonstrated effective
temperature performance when evaluated over an annual cycle; however, there were notable
fluctuations in accuracy when assessed on a monthly basis. Analysis of different cases at a monthly
timescale revealed some seasonality in their temperature performance with winter months typically

performing better than summer months.

The difference in performance at different evaluation time scales can be attributed to the
dominance of annual temperature signal relative to synoptic scale fluctuations. Across all the
ARCOS stations, there was a well define annual signal with a range of ~23°C typically spanned
from 10°C to 33°C. By comparison, synoptic scale fluctuations varied across season within a range
of approximately 10-20°C in winter, 13-30°C during spring, 27-34°C during summer and 17-34°C
during fall (Fig. 4). These ranges were smaller than the annual signal. Therefore, the smaller
synoptic scale fluctuations are overwhelmed by the well captured seasonal cycle of heating and
cooling in the annual evaluation. By looking at monthly time scales, seasonal disparities in the

ability of simulations to represent synoptic events were identified.

The seasonal differences in the representation of synoptic variability in water temperature
are expected to be linked to the subseasonal quality of forcing conditions due to their connections
to air-sea thermal interactions, circulation, and system hydrography. The primary air-sea interaction
of interest is the net surface heat flux which plays a pivotal role controlling the thermal structure of
water column (Edinger et al., 1968; Austin and Allen, 2011). In addition, thermal dynamics of
Mobile Bay can also be influenced by circulation which is impacted by wind forcing (Schroeder et
al., 1990; Park et al., 2007; Liu et al., 2022), promoting advective heat transport. Accurate heat
transport by circulation thus depends on the fidelity of wind representation within the model. Both
air-sea thermal interactions and circulation drive synoptic changes in the hydrographic structure of
the water column, ultimately determining the system's thermal response to incoming heat and

momentum fluxes (Garwood, 1979; Hendon, 2005).
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Potential errors in the model's air-sea thermal interaction arise from net surface heat flux
calculations (Eq. 6). Model-based net heat flux was estimated by incorporating components such
as shortwave and longwave radiation data from hourly interpolated NARR. Estimation of latent and
sensible heat flux uses atmospheric parameters, including air temperature, relative humidity, and
wind speed data from NARR, along with water temperature from the model (ST with QC was used).
These components were validated against ARCOS-based values, with latent and sensible heat
fluxes solved using the COARE 3.5 algorithm (Edson et al., 2013). Due to the unavailability of
upward shortwave and upward/downward longwave radiation data at the ARCOS stations, NARR

data of those were used for observation-based heat flux estimations.

The subseasonal quality of atmospheric parameters and heat flux constituents influence net
heat flux representation in the model, likely leading to seasonal variability in model temperature
performance. Monthly average comparisons of hourly interpolated NARR parameters and heat flux
constituents with ARCOS values are exemplified at station DI (Fig. 8). General agreement was seen
in parameters such as air temperature, relative humidity, and wind speed, with some weakening in
comparison during winter months (Fig. 8a,c,e). Latent and sensible heat flux estimations based on
NARR values showed limited seasonality in performance, with a moderate increase in outflux
compared to ARCOS values during the summer months (Fig. 8b,d). The downward solar radiation
followed the annual patterns observed by ARCOS but exhibited an average bias increase of 55
W/m? over the year (Fig. 8f). This increase was notably higher from early spring to late summer.
Such an increase in incoming solar radiation significantly impacts the net heat flux term, leading to
an overprediction of net heat flux (Fig. 8g). This overprediction is modulated by the outgoing latent
and sensible heat fluxes. The difference in net heat flux, primarily driven by discrepancies in
shortwave radiation, can affect water temperature in a shallow system, as water temperature is more
sensitive to changes in shortwave radiation than to air temperature during periods of increased solar

radiation (Shinohara et al., 2021).

Using data from all available stations, a broader understanding of the sensitivity of model
water temperature to net heat flux budget can be assessed. The aggregated performance bias and
RMSE of each heat flux component and net heat flux across stations highlighted the contribution
of different terms to the overall uncertainty in net heat flux (Fig. 9). The RMSE and bias of latent

and sensible heat flux showed limited seasonality, with a bias range of less than 20 W m™, generally
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favoring increased outflux during periods of heightened solar radiation. Downward solar radiation
exhibited seasonally varying RMSE, with the highest values occurring in the summer months (Fig.
9a). The bias also followed this seasonality, averaging 59 W m™ from spring to fall and peaking in
the summer, while reaching 41 W m™ in winter (Fig. 9b). This increase in the bias of downward
solar radiation led to an increased bias in the net heat flux, with seasonal modulations driven by
latent and sensible heat fluxes. The RMSE of net heat flux closely aligned with that of solar
radiation, showing an increase of nearly 20 W m™ in the summer compared to winter months. Their
bias showed an average of 51 W m™ in summer and 70 W m™ in winter. This seasonality in the net
heat flux performance by NARR leads to corresponding seasonality in the model water column
temperature, as change in heat flux bias by 1 W m™ could alter water temperature bias generally by
up to 0.1 °C under warm water and weak wind conditions such as in summer, and by nearly 0.01
°C under increased wind stress and cold-water conditions of winter, on a monthly scale (Seager,

1989; Harrison, 1990; Cayan, 1991).
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Fig. 8. Time series of monthly averaged meteorological parameters (a, c, €) and heat flux
components (b, d, f, g) obtained from DI ARCOS station (black) and corresponding NARR (red)

from hourly average data.
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Fig. 9. Monthly RMSE and bias of heat flux components estimated from compiled values across
three ARCOS stations (DI, MP, KC). The BS station was excluded due to poor data quality. Note
that there was missing data at the considered stations; therefore, not all stations have the same

amount of data for a given month.
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Another factor that can impact the thermal conditions in the bay is wind-driven circulation.
While the magnitude of the wind forcing was relatively well captured as noted in the discussion on
heat fluxes (e.g., Fig 8e) other aspects of the wind forcing, such as wind stress curl and wind
direction can impact circulation. For example, wind stress curl generates vertical cyclonic (positive
vorticity) and anticyclonic circulation (negative vorticity). A first order estimate of wind curl has
been identified by pairing two along-bay stations DI and MP.

Tx(MP)—1,(DI)
Ay (MP,DI)

(12)

Curlypp; =

Where 14 is the north wind stress component and Ay is the distances between DI and MP stations.
Assessing the subseasonal quality of wind curl involves comparing the hourly interpolated NARR
based Curlyrppr with that derived from observations, exemplified during January and July (Fig.
10). In these examples, the NARR generally agreed with observed curl signals but exhibited some

limitations in capturing instantaneous large fluctuations in curl, particularly in January.
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Fig. 10. Hourly averaged time series comparison of the NARR-derived wind curl (red) with

observation-based estimations (black) during (a) January and (b) July.
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Wind directionality and assessing its synoptic quality is expected to represent circulation
impacts in the bay from diurnal sea-land breezes and upwelling/downwelling response along the
coastline. Given the orientation of the system, North-South wind (v wind component) would capture
sea-breeze/land-breeze diurnal signal, whereas East-West winds (¢ wind component) would capture
the upwelling/downwelling signal, both may be able to drive thermal signals into the system.
Assessing the subseasonal quality of wind direction involves comparing NARR-derived hourly
interpolated u and v winds with observations from BS ARCOS station. This station was selected
due to its location within the bay and its proximity to the mainland, where stronger land-sea breeze
impacts are expected. Synoptic quality assessment of NARR's wind direction is exemplified by
comparing the u# and v winds against observations during January and July. Generally, NARR
demonstrates agreement with observed wind signals, suggesting reliable representation of
upwelling/downwelling (z wind) and sea-land breezes (v wind) conditions, with some uncertainty
in capturing smaller temporal-scale events (Fig. 11). The NARR uncertainty decreased when wind
directionality was validated at Dauphin Island (DI), a location somewhat isolated from stronger
land-sea breeze effects, using wind observations from the NOAA NDBC (DPIA1) station (see
supplementary materials Fig. S3). The improved performance towards the open boundary
highlights NARR's limitations in accurately capturing diurnal wind signals in near-coastal areas,
consistent with the findings of Lombardo et al. (2018) and Bouchard (2021). This uncertainty is

likely to impact the model's ability to capture diurnal variability in temperature and circulation.
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(a) January
10 [ T \ T

Fig. 11. Hourly averaged time series comparison of the NARR-derived u and v wind component
(red) to corresponding BS ARCOS measurements (black) during (a, ¢) January and (b, d) July.
Positive values of u (v) indicate eastward (northward) wind, while negative values indicate

westward (southward) wind.

In line with the examples, the monthly performance metrics of wind curl and directionality
generally showed agreement between NARR and ARCOS observations. Metrics of wind curl
yielded reliable results, especially RMSE and bias, suggesting seasonality in performance with
improvement in summer months compared to winter months (Figs. 12a, b), while skill and

correlation exhibited good values with limited seasonality (Figs. 12e, f). The diminished
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representation of winter wind stress curl likely stems from challenges in capturing the intense wind
gradients associated with cold front passages during non-summer seasons (Keen, 2002). However,
periods when deviation occurred, as seen in Fig. 10, are not expected to be significant as the bottom
stress curl due to the shallow depth of the system may limit the impact of vertical vorticity (Jia and
Li, 2012). Similarly, examination of wind directionality also revealed a seasonality in performance.
RMSE and bias of # and v winds show minor improvement in performance during summer months
(Figs. 12c¢, d), while skill and correlation exhibit pattern without clear seasonality in quality (Figs.
12¢, f). This modest summer enhancement may be attributed to intensified land-breeze/sea-breeze
cycles in the region (Hill et al., 2010). Overall, the improved performance of NARR in summer
wind dynamics contrasts with the decreased synoptic temperature performance. This contrast
suggests that the seasonal variation in the model's wind-forced circulation is unlikely to be a

significant contributor to the observed seasonal patterns in temperature performance.
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Fig. 12. Time-series comparison of monthly validation metrics of wind curl and directionality. The
black line represents the metrics of curl estimated between MP and DI stations. The maroon and
blue lines represent the BS ARCOS based monthly validation metrics of the # and v wind,

respectively.

While the wind forcing conditions of the model demonstrate reliable synoptic performance,
it 1s important to recognize that seasonal variations in wind forcing, along with corresponding
atmospheric conditions, can significantly influence hydrographic conditions and thus the thermal
structure of the system. Previous studies in lakes have noted that the seasonal thermal stratification
has been associated with seasonal decrease in model performance (Beletsky and Schwab 2001;
Beletsky et al., 2006; Austn and Allen, 2011; Beletsky et al., 2013). Therefore, examining seasonal
changes in the hydrographic structure of the system is essential to determine whether they

contribute to the degradation in synoptic-scale temperature performance.
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The seasonal change in hydrography is influenced by atmospheric forcing conditions,
primarily surface heat flux and wind-driven mixing. Generally, summer months are favored by
positive net surface heat flux (Fig. 8g) enhancing heat content and potentially increasing thermal
stratification in the system. The strong thermal forcing of the atmosphere couples with strong
salinity stratification and weak wind to produce shallow mixed layers. On the other hand, winter
months are characterized by negative net heat flux and diminished thermal stratification. This
winter condition contributes to the destabilization of water column though enhanced heat loss and
direct wind-driven mixing. However, in Mobile Bay, such conditions are in competition with
salinity based restratification favored by river discharge, as identified by Coogan et al.(2020) based

on long term observations at station MBL near the channel.

Examining the bay-wide seasonality in the model hydrographic conditions could contribute
to explaining the seasonality in temperature performance of the model. The stratification was of
particular interest and was represented by vertical salinity/temperature variance (Burchard and
Rennau 2008; Wang et al. 2017; MacCready et al. 2018; Liu et al. 2022) as S?=(S—S)?and T'? =
(T —T)?%, where T and S are temperature and salinity respectively. T and S are depth averaged
temperature and salinity, respectively. A system wide perspective of the spatial structure of the
synoptic variability in hydrographic conditions is exemplified using the ST with QC model-based
variance averaged in January and July (Fig. 13). Contrary to the expectations, both months
exhibited weak thermal structure (Figs. 13a, b). Only the ship channel showed any notable thermal
variance with some elevated values in January. However, there was notable salinity stratification
with the highest values in the ship channel and deeper portions of the bay as expected. (Figs. 13c,
d).

To better evaluate the synoptic variability in hydrography, hourly time series of bay-wide
averaged temperature and salinity variance were examined (Figs. 13e, f). Temperature variance
fluctuations showed no notable seasonal variability, but salinity fluctuations were more pronounced
during summer compared to winter, likely due to occasional strong summer storms mixing the
shallow water column (in contrast to the more persistent higher wind conditions in winter). To
examine the potential seasonality in monthly hydrographic conditions in contributing to the
seasonality in temperature performance of the model, the hourly variances were converted into

monthly averaged values. The monthly average did not show seasonality in thermal stratification
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(Fig. 13e), as the system stratification is mainly driven by salinity. In contrast, salinity variance
showed some seasonality, with limited enhancement in summer months compared to generally
diminished conditions in winter (Fig. 13f). Therefore, the bay-wide seasonal difference in salinity
stratification might also contribute to the seasonality of synoptic temperature performance of the

model, as the shallow mixed layers of summer can rapidly gain or loss heat (Miller, 1976).

The synergistic impact resulting from model degradation in air-sea thermal interactions and
alterations in the hydrographic structure likely contributed to the seasonal disparities observed in
the representation of synoptic variability in water temperature. The influence of these forcing
conditions on the seasonality in synoptic temperature performance is not clearly documented in
estuaries according to literature studies, which may be because temperature is generally a secondary
dynamical forcing and has not been a point of emphasis in some systems. For example, some early
numerical models of Mobile Bay did not simulate temperature yet were able to effectively capture
the main dynamics of the system (Kim et al., 2010; Kim and Park, 2012). With the more frequent
coupling of hydrodynamic and biogeochemical models in estuarine systems, there is a growing
need for improved temperature simulation in shallow highly stratified systems as biogeochemical

rates approximately double per change in temperature of 10°C (Q10 or Arrhenius rate expression).
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Fig. 13. Spatial patterns of depth averaged vertical (a, b) temperature variance (F) and (c, d)

salinity variance (SI_Z) defined using best performing ST with QC based model during January and
July. (e) and (f) show time series of the bay-wide temperature and salinity variances respectively,

with black line representing the hourly variance and blue squares representing their monthly
averages.
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5.2. Influence of QC in simulations

While base case models tend to overheat the water column (i.e. bias is always positive, Table
1 and Fig. 6b), applying QC effectively mitigated temperature overpredictions, yielding more
realistic temperature estimates. This correction works at the surface, and it effectively drives a
reduction in temperature by adjusting the surface heat flux based on differences between the
modeled water temperature and atmospheric reanalysis temperature. The emphasis on heat flux at
the surface suggests that the shallow depth of the system may be an important feature that is key to
the improvement provided by the QC correction. The shallow depth of the system may limit the
importance of other terms in the heat budget so that the QC correction directly improves the most

important term in the heat budget of the system, i.e. surface heat flux.

To determine the relative importance of surface heat flux in the heat budget of the system a
simple one-dimensional (1D) heat budget analysis was conducted. A simple budget can be defined
as the change in depth-averaged temperature (7)that results from the change in the surface heat
flux Qsuur (Fewings and Lentz, 2011; Coogan et al., 2019).

(Te) = (Tem0) = o= 3 Quur (1) dlt (13)

Where py is the depth-averaged density, ¢ is time, /4 is water depth, and Cp is the specific heat
capacity of seawater and equal to 3850 J-kg !-C™!. The depth averaged changes in temperature
((Ty) — (T+=0)) were calculated from the hourly time series of model temperature using ST with QC
at individual ARCOS station locations. Os.r was estimated as the hourly interpolated time series

from NARR derived surface heat flux at these specific locations.

The equation has been solved at the locations of three ARCOS stations over the shoals (DI,
MP, KC) during the year. Station DI has been chosen as a representative example (Fig. 14) as all
the stations are generally similar in their results. These shoal sites generally followed Eq. 13,
suggesting that the surface heat flux is the dominant term driving the temperature change in this

shallow system. This also suggests that the model boundary condition limitations, such as those
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from the Bonnet Carré Spillway opening, represent a secondary impact on simulated temperature
in Mobile Bay. There was notable agreement between the temperature and 1D solution in summer
months. In contrast, the winter showed modest deviations between the temperature change and the
surface heat flux estimate. However , the terms in the 1D balance still closely followed each other

(Fig. 14).

This provides insight into the effectiveness of QC in correcting model temperature
performance. When the 1D balance is dominant, the heat flux is the primary source of temperature
change, and QC directly impacts this component of the heat budget, significantly improving
temperature simulations. Thus, in summer, QC is more effective at enhancing temperature
simulations. In winter, where there are larger deviations from the 1D solution, QC is less impactful
because it only operates on one of the terms contributing to the temperature budget. In such cases,
the advection of heat would also be expected to contribute to the budget, as observed in this system

at times (Coogan et al., 2019) and in other coastal systems (e.g., Fewings and Lentz, 2011).
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Fig. 14. Annual cycle of daily-averaged change in ST with QC based model heat content
exemplified at location of ARCOS station DI (black) and corresponding 1D heat budget solution
(red) based on NARR.

Interestingly, the effectiveness of QC varied depending on the attenuation approach used.
In the surface-trapped attenuation method (ST), the QC correction acts to offset the impacts of
surface-trapped irradiance, as both operate within the surface layer. Consequently, the adjustments
made to the model temperature most directly address water column overheating. Conversely, the
other two methods (SAL and PS77) distribute the heating throughout the water column according

to their attenuation coefficient. This results in a certain degree of discontinuity between where QC
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operates (at the surface) and where excess heating occurs (across the water column). Thus, it might
be expected that QC is less effective in methods where incoming solar heating is distributed across

the water column depth.

Additional aspects of the depth-dependency in the performance of QC also showed up in
the vertical evaluation of the model performance in the bay and inner shelf. More pronounced
correction by QC was seen in the shallower depths (bay shoals and shelf surface) compared to the
deeper depths (bay channel and shelf bottom). This can be attributed to the increased impact of
surface heat flux driving temperature signals in the shallow depths. On the other hand, the channel's
role as a conduit for bay-shelf exchange likely introduced advective impacts that deviate from the

1D surface heat flux solution (Coogan et al., 2019), showing diminished effect of QC.

5.3. Influence of novel SAL-based model

Given the incorporation of in situ estimations of spatially and temporally varying salinity-
based attenuation coefficients, it was anticipated that SAL (SAL with QC) model would outperform
all other methods in simulating the temperature. However, the SAL (SAL with QC) method
generally exhibited significant performance improvement only over the conventional PS77 (PS77
with QC) approach. Additionally, this method displayed comparable yet weaker performance in
comparison to the overall best-performing ST (ST with QC) model upon the time series validation.
This performance trend of the SAL method was also observed in the vertical validations of the

temperatures at channel and shoal site.

The deterioration in the SAL approach from its anticipated optimal performance may be
ascribed to several potential factors related to the formulation and evolution of the salinity-based
attenuation algorithm. One possible limitation is fair weather bias in the in situ measurement of
salinity and PAR profiles that were used to develop the algorithm. In this study, the in situ
measurement of PAR profiles and salinity were carried out exclusively under weather conditions
conductive to field work. This bias can have a substantial impact in this shallow river-dominated
system where the combined forcing conditions of strong wind, tropic tides and moderate-to-high
freshwater discharge can decouple the turbidity and salinity by sediment resuspension (Crozier and

Schroeder, 1978; La Violette et al., 1999; Ha and Park, 2012). Other studies in shallow systems also
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identified similar sediment resuspension that decouples with salinity (McKee and Baskaran, 1999;
Liu and Huang, 2009). Such resuspension events may lead to substantial variations in light
attenuation that are not synchronized with changes in salinity, consequently affecting the
temperature estimations. Therefore, understanding the variability in turbidity with salinity is
important in defining the light attenuation in a system such as Mobile Bay, where external forces
drive increased turbidity signals. To further understand the potential of this methodology, additional
field measurements across a broader spectrum of conditions and in diverse coastal systems are

required.

Another possible limitation to the effectiveness of salinity-based attenuation
parametrization is contingent on the model’s ability to accurately simulate the surface salinity. The
salinity performance of this model was evaluated by Liu et al., (2022) and showed broad range of
skill values between ARCOS stations with scores ranging from 0.43 ~ 0.90. While the overall
performance of salinity in the SAL cases is good (a skill of 0.88 upon ARCOS based validations),
deviations in the model performance are nonetheless present. Consequently, errors in salinity

modeling can act as a compounding factor, exacerbating inaccuracies in temperature estimations.

6. Conclusion

The accurate estimation of water column temperature stands as a crucial undertaking for
ocean models of shallow-turbid coastal systems where commonly used solar radiation attention
methods may have issues. In this study, the dependency of water temperature modeling on different
parameterizations of solar radiation attenuation was explored. Using a ROMS model of Mobile
Bay, six methods, including a new method that relates the PAR attenuation coefficient to surface
salinity, were compared to in-situ observations to determine the best performance at annual and
synoptic scales. All simulations consistently demonstrated effective temperature performance when
evaluated over an annual cycle. However, analysis of different cases at a monthly timescales
revealed some seasonality in temperature performance with winter months typically performing

better than summer months.
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Seasonal differences in synoptic water temperature variability were linked to the quality of
model forcing conditions, with air-sea thermal interactions being the main source of uncertainty.
Bias in net heat flux, mainly due to discrepancies in downward solar radiation, affected model
sensitivity, causing greater temperature changes in the warmer, less windy summer conditions
compared to colder, windier winter periods. Additional uncertainties arose from seasonal variability
in hydrographic conditions; more pronounced summer salinity stratification may have influenced
heat dynamics in shallow mixed layers. In contrast, wind performance showed strong agreement
and improved accuracy in summer, suggesting that seasonal variation in wind-forced circulation is
unlikely to significantly contribute to observed temperature performance patterns. Therefore, the
combined impact of model degradation in air-sea thermal interactions and changes in hydrographic

structure likely caused the seasonal disparities in synoptic water temperature variability.

Analyzing the performance of each base method over the course of a year showed that the
ST method effectively mitigated overprediction and demonstrated proficiency in replicating
temperature patterns in annual and synoptic scale. PS77's reliance on constant attenuation
coefficients likely oversimplified the radiation transmission in this system. Despite the
incorporation of in situ estimations of spatially and temporally varying salinity- based attenuation
coefficients, the SAL method generally exhibited significant performance improvement only over
the conventional PS77 approach, while displaying comparable yet weaker performance in
comparison to the overall best-performing ST model. The decline in the SAL approach's
performance may stem from limitations in its formulation and the bias in in situ measurements of
salinity and PAR profiles, conducted only under fair weather conditions. This bias may be important
in shallow river-dominated systems where sediment resuspension events, decoupling salinity and
turbidity, lead to variations in light attenuation not synchronized with salinity changes, thereby

affecting temperature estimations.

Enhancements were achieved in all three base parametrizations by incorporating a surface
correction for the net heat flux using the practical data assimilation method QC. The effectiveness
of QC was notable in both annual and synoptic time scales as the surface heat flux is the primary
driver of temperature changes in this shallow system. The effectiveness of QC varied with the
attenuation approach used. In the ST method, QC directly offsets surface-trapped irradiance

impacts, addressing water column overheating within the surface layer. In contrast, the SAL and
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PS77 methods distribute heating throughout the water column based on their attenuation
coefficient, creating a discontinuity between where QC operates (at the surface) and where excess
heating occurs (across the water column). Consequently, the ST method with QC proves more
effective in preventing water column overheating and enhancing temperature estimation overall.
This method is more convenient for modeling opaque water without considering downward
irradiance. In systems where water column attenuation is known to be important, the SAL method

that relates attenuation coefficient to surface salinity (SAL) combined with QC was encouraging.

This study implies that, even though temperature simulations achieved the highest accuracy
on an annual scale, their synoptic scale variability should be considered to ensure the proper
understanding of uncertainty in intraseasonal temperature-dependent events. For instance,
uncertainties in defining the thermal structure during summer may impede the accurate
representation of recurring hypoxic conditions, as the strong stratification and elevated water
temperatures during this season contribute to hypoxic bottom waters in coastal systems.
Additionally, the thermal structure and the associated heat content can contribute to the evolution
of extreme weather events such as marine heatwaves and their impacts on ecosystems, e.g., coral
bleaching. Analysis of such events, which are closely linked to summer temperatures, from long
term regional ‘climate’ modeling simulations could be susceptible to unexpectedly high levels of
uncertainty if the sub-seasonal validation is not considered. This may have notable impacts on
understanding estuarine response to future climate scenarios. Foreseeing such impacts requires data

assimilation and model uncertainty quantifications on a regional scale to ensure predictability.
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1142  Fig. S1. Comparison of observed and remaining modeled temperature time series during 2019 at
1143  five ARCOS stations.
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Fig. S2. Remaining time-series comparison of monthly validation metrics between complied

simulations and temperatures of five ARCOS stations during 2019.
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(a) January
T I

146  Fig. S3. Hourly averaged time series comparison of the NARR-derived u and v wind component
1147  (red) to corresponding DI NOAA (black) measurements during (a, c) January and (b, d) July.
1148  Positive values of u (v) indicate eastward (northward) wind, while negative values indicate

1149  westward (southward) wind.
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1154

Attenuation Dauphin Island (DI) Bon Secour Bay gBS)
method RMSE Skill Bias " RMSE Skill Bias ]
Q) Q) Q) {9)
PS77 2.26 0.98 1.9 0.84 2.3 0.99 2.02 0.86
PS77 with QC 1.82 0.98 1.33 0.86 1.79 0.99 1.31 0.85
ST 2.73 0.97 1.46 0.82 2.46 0.98 1.16 0.85
ST with QC 3.23 0.95 0.59 0.65 1.32 0.99 0.6 0.75
SAL 2.41 0.97 1.89 0.84 2.15 0.97 1.84 0.87
SAL with QC 211 0.98 1.18 0.70 1.71 0.98 0.93 0.53
Attenuation Middle Bay Lighthou§e (MBL) Katrina Cut (KF))
method RMSE SKill Bias " RMSE SKill Bias ]
{9) {9) {9) {9)
PS77 1.22 0.99 0.54 0.89 2.32 0.99 1.76 0.92
PS77 with QC 1.07 0.99 0.44 0.9 1.83 0.99 1.13 0.91
ST 1.02 0.99 0.43 0.87 2.45 0.99 1.09 0.93
ST with QC 0.86 0.99 0.31 0.79 3.12 0.98 0.23 0.70
SAL 2.52 0.97 1.87 0.83 2.17 0.97 1.76 0.92
SAL with QC 2.28 0.98 1.49 0.75 1.83 0.98 0.93 0.75
Attenuation RMVISE Meaher Park (Bl\faz)
method C) Skill (°C) r
PS77 2.02 0.99 0.75 0.76
PS77 with QC 2.1 0.99 0.27 0.76
ST 2.5 0.99 0.47 0.74
ST with QC 3.4 0.98 -0.19 0.56
SAL 2.18 0.97 0.86 0.75

SAL with QC 2.59 0.96 014 0.55

1155  Table S1. Statistical evaluation of temperatures simulated using six attenuation approaches with
1156  observations of five ARCOS stations during the year 2019.
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