The Inorganic Carbonate Chemistry of the Southern
Strait of Georgia

by
Benjamin Lee Moore-Maley
B.Sc. Biology, The Evergreen State College, 2007

A THESIS SUBMITTED IN PARTIAL FULFILLMENT
OF THE REQUIREMENTS FOR THE DEGREE OF

Master of Science
in
THE FACULTY OF GRADUATE AND POSTDOCTORAL
STUDIES
(Oceanography)

The University of British Columbia
(Vancouver)
December 2014
© Benjamin Lee Moore-Maley, 2014

Abstract
A one-dimensional, biophysical, mixing layer model was modified to hindcast pH
and aragonite saturation state (ΩA ) in the southern Strait of Georgia. The model
skill in predicting spring phytoplankton bloom timing in previous studies was a
key factor in its selection. Dissolved inorganic carbon (DIC) and total alkalinity
(TA) were added as state variables, coupled to the existing nitrogen-based biological equations. Additional processes determined to be important to the system such
as air-sea gas exchange and nutrient-limited excess carbon uptake were also implemented. pH and ΩA could then be calculated from DIC and TA. Modeled DIC,
TA, pH, and ΩA were evaluated against data collected between 2003 and 2012.
Modeled and observed quantities agreed except in some summers, with surface
disagreement driven primarily by plume variability and subsurface disagreement
driven primarily by model overproductivity. Model outputs demonstrated a nearsurface seasonal cycle characterized by low pH and ΩA in winter and high pH and
ΩA in summer. In order to evaluate the sensitivity of model pH and ΩA to local forcing quantities, the model was run in one year increments over the period
from 2001 through 2012. For each year, each of three forcing records (wind speed,
freshwater flux, cloud fraction) was shifted across all possible years during the
same period for a total of 432 experimental runs. When regressed against spring
wind speed, model surface pH demonstrated a clear, negative correlation. Model
spring ΩA demonstrated a negative correlation to cloud fraction. Summer pH and
ΩA were most sensitive to freshwater flux, both showing negative correlations.
Model pH and ΩA sensitivity to freshwater TA and pH were also evaluated over
the same period using a set of realisitic freshwater chemistry scenarios determined
from observations in the Fraser River. Model pH and ΩA demonstrated opposite
ii

correlations to freshwater TA with sensitivities at opposite extremes of freshwater
pH. The sensitivity results identify important links between local processes and the
carbonate chemistry in the southern Strait of Georgia, and perhaps provide some
simple forecasting tools to be tested in the future.
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Chapter 1

Introduction
How do we translate our understanding of ocean acidification to coastal and estuarine environments? Acidification, defined here as persistent decreasing pH of a
marine system due to anthropogenic carbon accumulation, can be clearly demonstrated in the pelagic ocean where spatial and temporal variability of pH are on the
order of the mean trend. Evidence of acidification in the coastal and estuarine zones
of the world oceans is less clear due to the larger spatial and temporal variability
encountered there. As these zones are disproportionately productive relative to the
pelagic ocean and thus relied upon by human civilizations for natural resources, it
is important to understand acidification in this new context.
It is now well-accepted that oceanic uptake of anthropogenic atmospheric CO2
decreases ocean pH (Brewer, 1978; Caldeira and Wickett, 2003; Doney et al.,
2009). Measureable declines in ocean pH have been observed at Station ALOHA
(Dore et al., 2009), at the Bermuda Atlantic Time series Study stations (Bates,
2007), at the European station for time series at the Canary Islands (GonzálezDávila et al., 2007), and in the north Pacific Ocean (WOCE P16N line; Byrne
et al., 2010). Further mean declines of 0.2 to 0.3 for the surface ocean are projected by 2100 based on IPCC projections for future CO2 emissions (Caldeira and
Wickett, 2005; Orr et al., 2005).
Decreasing seawater pH reduces the concentration of carbonate and thus the
calcium carbonate (CaCO3 ) saturation state. The CaCO3 saturation state, Ω, is

1

defined here as the rearranged solubility equilibrium equation
Ω=

[Ca2+ ][CO2−
3 ]
Ksp

(1.1)

where Ksp is the solubility equilibrium constant. The two most common mineral
compositions of CaCO3 are calcite and aragonite; the saturation state of aragonite,
ΩA , is lower than that of calcite, ΩC , as aragonite is about twice as soluble (Mucci,
1983; Morse and Mackenzie, 1990). Seawater that is undersaturated with respect
to aragonite (ΩA < 1) is potentially corrosive to organisms that use aragonite in
their shells and other hard parts (Feely et al., 2012a).
Following the earliest research into the effects of high pCO2 on calcareous organisms, a wealth of studies have emerged demonstrating a variety of biological
impacts. Notably, CaCO3 dissolution has been demonstrated in coccolithophores
(calcite; Riebesell et al., 2000), pteropods (aragonite; Bednarsek et al., 2012; Lischka and Riebesell, 2012; Roger et al., 2012), and oysters (aragonite larval stage;
Barton et al., 2012) during high (> 800 µatm) pCO2 seawater treatments. The
physiology of shelled organisms is complex, and not all responses to high pCO2
are negative. Increased growth and calcification rates have been demonstrated in
coccolithophores (Riebesell and Tortell, 2011) and other favorable impacts have
been observed in certain species of bivalves (Ries et al., 2009). However, the predominant outcomes from studies over a large suite of organisms have been overwhelmingly negative (Kroeker et al., 2010).
The primary habitats for the majority of the organisms for which negative acidification impacts are anticipated lie in the coastal and estuarine zones of the world’s
oceans. Coastal upwelling zones are also more vulnerable to low pH and ΩA extremes than the open ocean. Source waters in coastal upwelling originate from
intermediate water masses where DIC accumulates naturally and is not ventilated
at the surface. The added DIC from surface anthropogenic CO2 that has been exported to these water masses combined with the naturally high DIC concentration
drives an enhanced low pH signal in upwelled waters (Feely et al., 2008). As of
2004, the depth of the aragonite saturation horizon (ΩA = 1) in the temperate North
Atlantic Ocean had not changed much since preindustrial times (Feely et al., 2004).
In the North Pacific Ocean however, anthropogenic CO2 invasion combined with
2

decadal oscillations in strength of the North Pacific Subtropical Gyre have caused
the aragonite saturation horizon to shoal by 1 to 2 m yr−1 (Feely et al., 2012b).
The reduction in the ΩA of Pacific Intermediate Water (PIW) has strong implications for the California Current upwelling system. Waters undersaturated with
respect to aragonite have been observed within 50 m of the surface at multiple sites
along the California Current (Feely et al., 2008). Central California Current waters
below 60 m are projected to become permanently undersaturated with respect to
aragonite by 2030 (Gruber et al., 2012).
Estuarine habitats for marine calcifiers that are connected to the California Current upwelling are particularly vulnerable to reductions in pH and ΩA . In Netarts
Bay, Oregon, near-surface aragonite-undersaturated waters have been observed to
flow over the estuarine sill and into the bay during upwelling events. Large-scale
fluctuations in carbonate chemistry due to the inflow of upwelled waters were observed on the order of days (Barton et al., 2012). At the Whiskey Creek shellfish
hatchery in Netarts Bay, Pacific oyster larvae demonstrated reduced growth and
survival when exposed to DIC-rich upwelled waters (Barton et al., 2012). To the
north in Puget Sound and Hood Canal, Washington, deep inflows of aragoniteundersaturated, low-pH waters were evident from casts taken during the 2008 upwelling season (Feely et al., 2010).
The largest variations in carbonate chemistry throughout the California Current
are natural. Seasonal variations are attributed to biological processes (e. g. nutrient
uptake and remineralization) and contributions from terrestrial runoff in addition
to changes in upwelling strength (Hauri et al., 2013; Ianson and Allen, 2002). In
the Southern California Bight (Point Conception to La Jolla, CA), pH and ΩA
empirically-derived from T and dissolved O2 data collected during the 2008-2010
CalCOFI program ranged from 7.6 to 8.15 and 0.75 to 3.0, respectively, above
125 m (Alin et al., 2012). Greater shelf width and nutrient fluxes in the northern
reach of the California Current enhance the role of biology in carbonate chemistry
variability. On the west coast of Vancouver Island, upwelling does not strongly
penetrate the inner shelf inshore of roughly the 100 m isobath (Thomson, 1981)
and DIC fluxes there are dominated by primary productivity near the surface and
remineralization in the subsurface (Bianucci et al., 2011). The presence of the
nutrient-rich Vancouver Island Coastal Current and the relatively small volume of
3

this isolated shelf water column make DIC fluxes especially large (Ianson et al.,
2003). Bianucci et al. (2011) did not find ΩA < 1 anywhere over the Vancouver
Island shelf during a modeling study of the 1993 upwelling season, however, ΩA
data calculated from T and dissolved O2 demonstrate a 40% annual probability of
encountering ΩA < 1 in the top 60 m (Ianson, 2013).
The inland basins that share the Vancouver Island shelf as their primary point
of connection with the Pacific Ocean bear special mention. They are collectively
named the Salish Sea (figure 2.1). The Salish Sea behaves as a large estuary and
receives PIW primarily through estuarine return flow sourced from the poleward
California Undercurrent (Freeland and Denman, 1982), although shelf water as
shallow as 75 m can also feed this inflow (Hickey et al., 1991). Like the Vancouver
Island shelf, carbonate chemistry in the Salish Sea is highly variable spatially and
temporally. In the sea’s southern basins, Puget Sound and Hood Canal, pH calculated from winter and summer 2008 DIC and TA observations ranged from 7.32 in
the deep waters of the nearly hypoxic Hood Canal basin to 8.25 near the surface of
the main basin (Feely et al., 2010). Spatial variability near the surface was high,
with pH as low as 7.77 over the silled region at the mouth of Puget Sound during
summer 2008. In the Strait of Georgia, surface pH and ΩA are generally about 8.0
and 1.5, respectively, although pH > 8.4 and ΩA > 3 have been observed during
blooms (D. Ianson, manuscript in preparation, 2014). In the deep Strait of Georgia, pH values as low as 7.48 have been reported accompanied by ΩA < 0.5. In the
brackish Fraser River plume region, ΩA can be less than 0.4 (D. Ianson, manuscript
in preparation, 2014). Feely et al. (2010) calculated the pH change due to anthropogenic DIC in Puget Sound to be as high as 0.11 in surface and as high as 0.06 in
the deep basin. Though these estimates are similar to mean estimates for the open
ocean, they are small relative to the local natural variability.
The Salish Sea can be separated into three main basins: Puget Sound to the
south, the Strait of Juan de Fuca to the west, and the Strait of Georgia to the north
(figure 2.1). For this study, I will focus on the largest of the three basins, the Strait
of Georgia (SoG hereinafter). The SoG is semi-enclosed with a primary route of
exchange with the Pacific Ocean to the south through a network of passages, the
largest of which is Haro Strait. Exchange to the north through Johnstone Strait is
generally regarded as small (LeBlond, 1983; Pawlowicz et al., 2007) but a mod4

eling study by Crean et al. (1988) suggests that surface layer outflow to the north
accounts for up to 17% of the SoG freshwater budget. The SoG is ∼25 km across
and 220 km along the thalweg. The central basin is ∼400 m deep and significantly
shallower toward Haro Strait.
It is important to consider the SoG in the context of the other basins. The SoG
is the most stratified of the three basins due to its proximity to the Fraser River outflow, which drains ∼238,000 km2 of temperate British Columbia, Canada. Fraser
River discharge is snowmelt-dominated, characterized by low winter outflow and
high summer outflow with a peak summer freshet that ranges from ∼5,000 to
12,000 m3 s−1 (Environment Canada data, http://wateroffice.ec.gc.
ca). The Fraser River is the largest freshwater contribution to the SoG, particularly during the summer (Waldichuk, 1957). Rainfall-dominated rivers do make
large freshwater contributions during winter months.
The rivers that feed the SoG drive an estuarine circulation causing a relatively
fresh upper layer outflow and deep return flow to pass through the Strait of Juan
de Fuca (Masson and Cummins, 2004). Brackish estuarine outflows exiting the
SoG pass over restrictive sills to the north and south of Haro Strait (figure 2.1).
These sills are sites of enhanced tidal mixing such that deep estuarine inflow is
modified with upper layer estuarine outflow before entering the SoG (Pawlowicz
et al., 2007). Similar estuarine circulation and tidal mixing occur over sills in
Admiralty Inlet between the Strait of Juan de Fuca and Puget Sound (Geyer and
Cannon, 1982). As a result of tidal mixing, the Strait of Juan de Fuca is less
stratified, less productive, and higher in surface nutrients than the SoG or Puget
Sound (Masson and Peña, 2009).
Estuarine circulation combined with the silled bathymetry and tidal mixing in
Haro Strait create a three-layer structure in the SoG (Pawlowicz et al., 2007). The
surface layer is a brackish mixture of river discharge and entrained seawater from
the intermediate layer. Pawlowicz et al. (2007) define the depth range of this layer
as the surface to 50 m. Below 50 m, the intermediate layer is created by estuarine
return flow through Juan de Fuca Strait that mixes with brackish surface water in
Haro Strait. The density of the estuarine inflow depends on the properties of both
inflowing and outflowing water, and on the intensity of mixing over the sills. Generally, the density after mixing causes this intrusion to penetrate slightly below the
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sill depth (∼150 m). The deep layer (>200 m, Pawlowicz et al., 2007) is isolated
from exchange beyond the SoG for most of the year. Only when intrusion densities
in Haro Strait are high enough can they penetrate the deep layer. Renewal events
generally take place twice a year in pulses during the neap tides when mixing over
the sills is weakest. Late spring renewal is characterized by inflow of relatively
cold, fresh, nutrient-poor shelf water and late summer renewal is characterized by
relatively warm, salty, nutrient rich PIW (Masson, 2002).
Wind mixing is a strong driver of exchange between the surface and intermediate water masses in the SoG. Wind patterns are driven primarily by the prevailing
oceanic winds associated with the North Pacific High and Aleutian Low pressure
centers over the northeast Pacific Ocean (Thomson, 1981). Winter winds blow
typically from the southeast (Aleutian Low circulation) and summer winds are typically from the northwest (North Pacific High circulation), although complicated
topography and differential heating between land and sea frequently produce localized winds that deviate from this idealized behavior (Thomson, 1981). Regardless,
windspeed is generally weaker in the summer than in the winter, following the
spring transition between prevailing wind patterns (Collins et al., 2009).
The SoG is a productive ecosystem (∼280 g C m−2 yr−1 , Harrison et al., 1983;
∼ 223 ± 53 g C m−2 yr−1 , Riche, 2011), and estuarine circulation and wind mixing are coupled to the local ecosystem dynamics. Phytoplankton in the SoG are
generally either light-limited or N-limited with respect to growth (Harrison et al.,
1983). While nitrate is supplied year round via estuarine return flow to the intermediate layer (Mackas and Harrison, 1997), light-limitation persists during winter
due to poor solar irradiance and wind-induced mixed layer deepening. In spring
when wind relaxes and solar irradiance increases, freshwater stratification allows
phytoplankton to remain in the euphotic zone initiating a characteristic spring diatom bloom. Following the bloom, nitrate is nearly depleted from the surface and
weaker, N-limited growth of flagellates and other small phytoplankton persists until fall when increased winds once again mix nitrate-rich water to the surface and
fall diatoms can bloom (Harrison et al., 1983). Despite surface N-limitation, it
is still estimated that approximately half of annual production occurs in summer
(Riche, 2011).
Consumption of DIC by phytoplankton reduces pCO2 near the surface, as
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demonstrated for the west coast of Vancouver Island (Ianson et al., 2003). In the
SoG, Evans et al. (2012) observed surface pCO2 throughout the basin to be well
below the atmospheric concentration during July and August 2010. Observations
for pCO2 in October/November 2008 and in February/March 2009 were all above
the atmospheric concentration with the exception of February/March 2009 near the
Fraser River plume. A model hindcast of the 2009 spring diatom bloom date suggests the bloom did not occur until after April 1 (Allen and Wolfe, 2013), however
satellite observations found evidence of a bloom as early as late February (Gower
et al., 2013). The low spring 2009 pCO2 observations near the Fraser River plume
may be indicative of the early productivity suggested in these satellite chlorophyll
observations.
The roles of wind and freshwater in the seasonal productivity of the SoG are
complicated by competing mechanisms. Although wind mixing brings nitrate-rich
water to the surface, it also deepens the mixing layer (St. John et al., 1993). Thus
some period of stratification is required to keep phytoplankton in the euphotic zone.
A modeling study by St. John et al. (1993) found that wind had little effect on nitrate entrainment during peak river discharge due to the presence of the freshwater
lens. However, Yin et al. (1997a) found that wind mixing and estuarine entrainment both increased primary productivity in August 1991. The timing of the spring
bloom is sensitive to wind and cloud fraction because of light limitation (Collins
et al., 2009; Yin et al., 1997b), however, spring productivity is further complicated
by the seasonal zooplankton cycle. There is an ontogenic zooplankton migration of
primarily Neocalanus plumcrus copepods in spring that is independent of bloom
timing (Harrison et al., 1983). Late blooms can be rapidly attenuated by zooplankton grazing (Yin et al., 1997b), and copepod nauplii may miss early blooms
altogether (El-Sabaawi et al., 2009).
The Fraser River plume can have an impact on the distribution of phytoplankton. St. John et al. (1993) demonstrated spring blooms to be stronger near the
plume. However, using fluorescence measurements from an instrumented ferry,
Halverson and Pawlowicz (2013) found integrated chlorophyll to be much lower
in the plume than outside, and the depth of the chlorophyll maximum was much
shallower in the plume. They suggested light limitation due to river turbidity as
a possible mechanism. Stockner et al. (1979) found extinction coefficients to be
7

3-fold higher in the summer plume than in winter during high-salinity conditions.
In addition, a modeling study in Howe Sound found that turbidity in the Squamish
River plume reduced PP by 35% (Stockner et al., 1977).
Tools used in previous ecosystem modeling studies in the Salish Sea range
from small scale 1-dimensional (1-D) near-surface biophysical coupled models
(Collins et al., 2009; Allen and Wolfe, 2013) to mesoscale 3-dimensional (3-D)
biogeochemical-physical coupled models (Khangaonkar et al., 2012; Giddings et al.,
2014). Since the early modeling work of Crean et al. (1988) and Foreman et al.
(1995), a wealth of 3-D modeling tools have been implemented for the region
including POM (Masson and Cummins, 2004), ROMS (Sutherland et al., 2011;
Snauffer et al., 2014), FVCOM (Khangaonkar et al., 2012) and NEMO (N. Soontiens, manuscript in preparation, 2014). While 3-D models generally capture the
spatial extent of the system, their computational expense limits grid spacing to relatively coarse resolution. Alternatively, 1-D models allow for fine grid spacing due
to their small domain. Collins et al. (2009) and Allen and Wolfe (2013) demonstrated the importance of fine vertical grid spacing in accurately predicting spring
diatom bloom timing in the southern SoG.
1-D ocean boundary layer models differ primarily in their parametrizations of
turbulent mixing, the most common being the K profile parametrization (KPP) first
order turbulence closure scheme of Large et al. (1994), the Mellor Yamada 2.5
(MY2.5) second order turbulence closure scheme of Mellor and Yamada (1982),
and the generic length scale (GLS) scheme of Warner et al. (2005); bulk mixing
schemes (e. g. Price et al., 1986) also provide a simpler alternative. Several 1D vertical ecosystem models using compartmentalized nutrients, phytoplankton,
zooplankton and detritus (NPZ and NPZD) have been developed for the northeast
Pacific Ocean at Ocean Weather Station Papa using the MY2.5 (Kawamiya et al.,
1995; Denman and Peña, 2002) and KPP (Jeffery, 2002) mixing parametrizations.
The KPP scheme is generally considered to simulate stronger and thus more realistic mixing than the MY2.5 scheme (Large, 1998), and the KPP model of Jeffery
(2002) is the template for the SOG model used in Collins et al. (2009).
While carbonate system models were used primarily to estimate carbon fluxes
in earlier studies (e. g. Ianson and Allen, 2002) a wide range of carbonate system
models have been developed recently for the purpose of predicting pH and ΩA ,
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particularly in the Baltic and North Seas (Kuznetsov and Neumann, 2013; Artioli
et al., 2012; Gypens et al., 2011) and in the California Current Ecosystem (Hauri
et al., 2013; S. Siedlecki, manuscript in preparation, 2014). Carbonate system
models are generally based on DIC and TA equations coupled to a biophysical
model, however statistically-derived empirical models for pH and ΩA from tracers
such as T and O2 have proved useful in the California Current as well (Lee et al.,
2006; Juranek et al., 2009; Alin et al., 2012; Lara Espinosa, 2012), although such
models are generally not well-suited for estuaries (Reum et al., 2014).
This thesis aims to address the seasonal variability of pH and ΩA in the southern
SoG in the context of local scale physical forcing. Previous studies (e. g. Collins
et al., 2009; Allen and Wolfe, 2013; Yin et al., 1997a,b) have established that local
forcing such as windspeed, cloud fraction, and freshwater input can impact the
SoG ecosystem biology directly (e. g. light availability) and indirectly through
physical processes like mixing, stratification, and estuarine circulation. As many
of the physical and biological fluxes of DIC and TA are inherently linked to these
ecosystem processes, I will show that pH and ΩA in the near-surface southern SoG
are strongly influenced by local forcing as well.
I begin by building on the modeling work of Collins et al. (2009). The model is
1-D vertical and is implemented for a station just outside of the Fraser River plume
in the central southern SoG. The 1-D domain allows for fine vertical grid spacing
at a low computational expense. The fine grid spacing makes the model a skilled
predictor of mixing layer depth, and the low computational expense is ideal for
sensitivity studies where high numbers of model runs are required. Mixing layer
depth is an important physical feature of this study because it is directly influenced
by wind and freshwater discharge, and it is so closely connected to phytoplankton
growth and vertical mixing.
Near-surface chlorophyll maxima and surface-intensified freshwater fluxes make
the near-surface layer the most highly variable over time with respect to carbonate
chemistry. DIC and TA collected since 2010 in the southern SoG do not demonstrate high variability over time below 40 m (D. Ianson, manuscript in preparation,
2014). Similarly, pH below about 40 m in the main basin of Puget Sound was
similar between February and August 2008 (Feely et al., 2010). A study of locallyforced variability in the carbonate system would ideally focus on the near-surface
9

layer of the SoG down below the euphotic zone and the maximum mixing layer
depth. Thus, rather than resolve the entire water column to the basin’s sediments, I
choose only the top 40 m at the model site as the domain and consider deeper water
column properties in terms of their 40 m boundary conditions and the parameterized estuarine circulation.
In the next chapter I will describe in detail the implementation of the model
including the unpublished modifications that were made by Dr. Susan Allen in
order to resolve ecosystem dynamics following the spring bloom, and the carbonate
chemistry additions that I made in order to model pH and ΩA . I will also describe
the evaluation of the model using the existing data for the southern SoG (D. Ianson,
manuscript in preparation, 2014), and I will present high-resolution model outputs
of pH and ΩA for the top 40 m. In order to address the primary research question,
I will describe and present results from sensitivity experiments of near-surface pH
and ΩA to local windspeed, cloud fraction, and freshwater input. I will discuss
these results in the context of seasons, spatial variability, and the oceanography of
neighboring basins.
In chapter three I will describe the freshwater chemistry of the southern SoG,
beginning with a discussion of the current literature and several unpublished datasets
in the Fraser River. I will then present a set of plausible freshwater TA and pH scenarios that span the range of observed river values for both quantities. Next I will
describe and present results from sensitivity experiments similar to those in chapter
two, but for the sensitivity of near-surface pH and ΩA to freshwater TA and pH. I
will discuss the outcomes of these experiments in the context of theoretical estuarine mixing of DIC, TA, and pH, and following this discussion I will propose one
freshwater pH and TA scenario as a suitable selection for the model described in
chapter two.
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Chapter 2

Modeling study
2.1

Methods

I employ a 1-dimensional (1-D) biophysical coupled near-surface (0 to 40 m) mixing model in order to investigate the behavior of pH and aragonite saturation state
(ΩA ) in the southern Strait of Georgia (SoG; figure 2.1a). Earlier versions of the
model have been used to successfully hindcast the spring diatom bloom in the SoG
(Collins et al., 2009, hereinafter C-09; Allen and Wolfe, 2013, hereinafter AW-13).
The predictive skill of the model stems from three critical attributes: fine vertical grid-spacing (0.5 m), high-resolution local forcing data (hourly to daily), and
rigorous tuning to the Strait of Georgia Ecosystem Monitoring Program (STRATOGEM) dataset (Pawlowicz et al., 2007; Riche, 2011; table 2.1). The STRATOGEM
dataset is comprised of 48 multiparameter cruises in the southern SoG that span the
period between April 2002 and June 2005.
For the purposes of this study, I have adapted the C-09 model as modified by
AW-13. Part of this adaptation includes the addition of new nutrient, photosynthesizer, and grazer classes in order to resolve the community dynamics following the
spring bloom season. The central piece of this adaptation involves the coupling of
dissolved inorganic carbon (DIC) and total alkalinity (TA) as state variables to the
existing physical and biological variables, and implementing new parametrizations
necessary to model these quantities (e. g. air-sea gas exchange).
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Figure 2.1: (upper) Map of the Salish Sea including important waterways,
local metropolitan areas, hydrometric river gauging sites, and the location of the model used in this study (red square). Depths are contoured
in blue (m). (lower) Locations of sampling stations. Sandheads wind
station, YVR airport, and the Fraser River water quality buoy (green
triangles) are maintained by Environment Canada. DFO 1-9 (black circles) are locations of CTD casts performed regularly by Fisheries and
Oceans Canada (DFO North and DFO South included; Masson, 2006).
Additionally, DFO North and DFO South are sampling sites for DIC
and TA (D. Ianson, manuscript in preparation, 2014).
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2.1.1

The SOG physical model

The physical model uses a K-profile parametrized (KPP) vertical diffusion scheme
adapted from Large et al. (1994). Baroclinic pressure gradients in the SoG are simulated by prescribing shoalings (depressions) in isopycnals due to the divergence
(convergence) that results from horizontal transport in an enclosed basin (C-09).
Three-dimensional (3-D) estuarine circulation is parameterized as an upward entrainment velocity and outward advective flux, both defined in terms of the total
freshwater discharge (Qt ) from the Fraser River and other small rivers (C-09). The
advective loss arises due to water column convergence, since the upward entrainment velocity increases with depth. The parameterization of estuarine circulation
from 3-D to 1-D was done using Knudsen relations (C-09). In the region of the
model site (figure 2.1a), the strongest horizontal gradients are cross-strait due to
the movement of the Fraser River plume away from the river mouth (Halverson
and Pawlowicz, 2008). Since cross-strait advection is primarily driven by estuarine circulation while wind and tidal currents are mainly along-strait (LeBlond,
1983), wind and tidal advection are not explicitly modeled. Net transport by wind
and tides is also low since they both frequently reverse (LeBlond, 1983).
A realistic model of the ocean surface boundary layer is important in determining primary productivity (PP) and phytoplankton abundance. The Critical Depth
Hypothesis (Sverdrup, 1953) posits that blooms occur when the turbulent boundary layer depth shoals to a critical depth where phytoplankton light-limited growth
exceeds losses. More recently, Behrenfeld (2010) has suggested that blooms are
instead initiated upon cessation of boundary layer deepening which allows phytoplankton growth to exceed losses, briefly decoupling phytoplankton growth from
zooplankton grazing. The surface boundary layer is generally regarded as the
mixed layer and quantified using a vertical density gradient. However, the vertical
density gradient criteria frequently fails to predict the depth of turbulent mixing. In
the open ocean, the diurnal heating cycle produces a dynamic layer of active mixing that is shallower than the density-defined mixed layer (Brainerd and Gregg,
1995). In the SoG, a mixed layer is often undetectable due to continuous restratification from freshwater inputs, however a dynamic mixing layer is well-defined
(C-09). The present study uses a bulk Richardson number criterion to calculate the
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mixing layer depth (Large et al., 1994). I use the term “mixing layer” rather than
“mixed layer” throughout this work to emphasize the distinction.
I explicitly model in situ temperature (t; ITS-90, Preston-Thomas, 1990) and
practical salinity (Sp ; PSS-78, UNESCO, 1981) as state variables. A new thermodynamic equation of state has been developed that defines the thermodynamic
properties of seawater in terms of conservative temperature and absolute salinity
(TEOS-10; IOC et al., 2010). However, adaptation to the new standard will take
time in the literature, and the preferred carbonate system constants are currently
still parameterized in terms of t and Sp . Since I make extensive use of carbonate
system parameterizations throughout this study, I present the model results and any
complimentary datasets in terms of t (hereinafter T ) and Sp (hereinafter S) for the
benefit of the reader.

2.1.2

The SOG biology model

The biological model (figure 2.2) is an adaptation of the nutrient phytoplankton
zooplankton detritus (NPZD) scheme developed to predict spring phytoplankton
bloom timing in the southern SoG (C-09). Ecosystem dynamics following the
bloom were not well constrained in the original implementation. Since I am interested in annual cycles, I use the model of C-09 with updates to the cloud model,
freshwater flux parametrization, 40 m T boundary conditions, and river properties
(AW-13) and the following additions to the biological model.
The C-09 model used a single class of phytoplankton based on the centric
diatom Thalassiosira nordenskioldii, and was tuned to best reproduce the spring
bloom timing. However, centric diatoms tend to dominate in spring and fall only
while flagellates, primarily nanoflagellates (< 20 µm), are particularly abundant
during the summer (Harrison et al., 1983). The heterotrophic ciliate Myrionecta
rubra is also a strong contributor to photosynthetic biomass. Although not a phytoplanker, M. rubra retains functional chloroplasts during grazing and uses them
to perform photosynthesis. The ciliate is prevalent in the SoG throughout the year,
particularly in summer (Harrison et al., 1983).
In the present study, the diatom class has been modified from Thalassiosira
nordenskioldii to represent a wider range of diatoms, and the other two dominant
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primary producers, M. rubra, and nanoflagellates, have been added as state variables to the model (figure 2.2). Despite their abundance on the west coast of Vancouver Island (Peña et al., 1999), calcifying phytoplankton (e. g. coccolithophores)
are absent from satellite observations in the Strait of Georgia (J. Gower, personal
communication, 2014) and are thus not represented in the model. Because ammonium (NH+
4 ) uptake is important on an annual scale in the southern SoG (Mackas
and Harrison, 1997), I model NH+
4 as an additional nitrogen (N) source to the single nutrient of the C-09 model, nitrate (NO−
3 ). Despite using a single diatom for
their primary producer class, C-09 did not explicitly model dissolved silica (Si) as
a potentially limiting nutrient. Si loading is high in the Fraser River relative to the
SoG (Swain, 2007), and terrestrial runoff provides an important source of Si for
diatoms in the SoG. However, near-limiting Si values were observed in the surface
SoG in spring during STRATOGEM (Riche, 2011). I therefore model Si as state
variable in order to allow for Si limitation (figure 2.2).
I have refit the prescribed mesozooplankton of C-09 to a new dataset (Mackas
et al., 2013), and have added microzooplankton as an explicitly-modeled state variable. Waste quantities have been diverted from grazing, natural mortality, and excretion to new state variables for dissolved organic N (DON), particulate organic N
(PON), and biogenic silica detritus. Remineralization of organic matter becomes a
significant source of nutrients over seasonal timescales.
Nutrient uptake
The biological model is N-based and all biological quantities are expressed in µmol
N L−1 except Si-containing compounds, and DIC and TA. Uptake of nutrients by
phytoplankton is dependent on light and nutrient availability, the least abundant
being the limiting quantity and determining the uptake rate kinetics (Liebig’s Law).
Light-limited uptake is parameterized in terms of the incoming photosynthetically
active radiation (PAR) to give an adapted Steele’s scheme (Steele, 1962) with an
extended high light range suitable for multiple organisms (equation A.1).
N-limited uptake in the presence of a single N-based nutrient can be modeled
by the Michaelis-Menten (MM) or Monod equation. To determine uptake rates
for multiple N sources, I use the substitutable model of O’Neill et al. (1989, in
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Figure 2.2: Biological scheme. All variables are modeled using state equations (appendix A) except for mesozooplankton, which is prescribed
using a Gaussian distribution. Dotted arrows represent sinking losses.
Jeffery, 2002; equations A.2a and A.2b). This model reduces to MM kinetics in
+
the absence of a second N source. If N is not limiting, NO−
3 and NH4 uptake must

be assigned based on the total light (or Si) limited N uptake. Following Jeffery
(2002), NH+
4 is used first until the uptake capacity (equation A.4a) is reached,
and then NO−
3 uptake fulfills the remaining N demand (equation A.4b). Si-limited
uptake in modeled diatoms follows MM kinetics (equation A.3).
Photosynthesis, grazing and waste
Nutrient uptake rates are calculated separately for each of the model’s three classes
of photosynthesizers: the centric diatoms, the nanoflagellates, and M. rubra. The
governing equations that describe the concentrations of each class follow the conceptual model:
∂P
= growth − mortality − grazing + physical transport
∂t
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(2.1)

where growth, mortality and grazing are proportional to the concentration of photosynthesizer P, and the constant of proportionality for growth is defined as the
nutrient uptake rate discussed above (equation A.6). A sinking loss term is included for diatoms and a positive grazing term is added to represent heterotrophy
in M. rubra (figure 2.2).
Grazing is modeled using a Holling type II response (MM kinetics; Fasham,
1995), and is calculated separately for each photosynthesizer and for each of the
model’s three grazers: M. rubra, microzooplankton, and mesozooplankton (equations A.7a and A.7b). The governing equation for microzooplankton is based on
equation 2.1 where P is the concentration of microzooplankton and the proportionality constant for growth is defined as the microzooplankton grazing rate (equation A.8).
The biology loop is closed by mesozooplankton. Average mesozooplankton
biomass is fit to a summer bloom Gaussian model (equation A.9) using a 20-year
timeseries of zooplankton sampling in the SoG (Mackas et al., 2013). Mesozooplankton are assumed to choose their depth based on the profile of their prey, so
their vertical distribution in the model is parametrized in terms of the total abundance of prey, including PON (figure 2.2), and the average mesozooplankton concentration (equation A.10).
Waste N from natural mortality, grazing, and excretion from all phytoplankton
and zooplankton flows to pools of PON and DON (figure 2.2). Natural mortality and excretion rates are fixed and fluxes from both processes are proportional
to biomass (equations A.11a, A.11b, and A.11c). Grazing waste is the result of
sloppy feeding and is proportional to grazing (equation A.12). PON and DON are
+
remineralized to NH+
4 at fixed rates (equation A.13a), and NH4 can be used as an

N source for phytoplankton or remineralized to NO−
3 (equation A.13b), completing
the biological loop.
Nutrient uptake, grazing, and natural mortality rates are temperature dependent. Implementation of the temperature dependence term based on Eppley (1972)
is described in C-09.
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2.1.3

The carbonate chemistry model

Carbonate system parameters
The carbonate system quantities DIC and TA are modeled as state variables. DIC
is treated as a nutrient and a waste product, and I assume that nutrient uptake in
primary producers and remineralization from organic waste follows the Redfield
C:N:P ratio (Redfield et al., 1963) except under nutrient limitation where I explicitly model excess DIC uptake. I allow uptake and remineralization of charged particles to modify TA by assuming that the two processes occur such that electroneutrality is maintained within the organism (figure 2.3; Zeebe and Wolf-Gladrow,
2001; Brewer and Goldman, 1976).


∂ DIC
= − UN +UPC − RN RC:N + physical transport
∂t


∂ TA
= UNO− − 2RNO− −UNH+ + RNH+ + UPO4 − RPO4 RN:P
4
4
3
3
∂t
+ physical transport

(2.2a)

(2.2b)

where U represents uptake, R represents remineralization, PO4 represents dissolved
3−
orthophosphate (HPO2−
4 and PO4 ), and RX:Y is the Redfield ratio of element X

to element Y (equations A.14a and A.14b). UPC represents DIC uptake that is uncoupled to uptake of DIN under conditions of nutrient limitation (equation A.15).
In the absence of available DIN, carbon uptake does not contribute to chlorophyll
biomass and instead passes directly to the DOC pool. The result is that the C:chl
ratio increases under nutrient limitation while the phytoplankton biomass C:N ratio
remains constant (Ianson and Allen, 2002).
DIC and TA can be mixed and advected like any other model scalar. An additional pathway for DIC exists through air-sea gas exchange. Transfer of CO2 across
the air-sea interface in the surface grid cell is parametrized according to Fick’s second law of diffusion (Sarmiento and Gruber, 2006), using the transfer coefficient
parametrization of Nightingale et al. (2000), the Schmidt number of Wanninkhof
(1992), and the solubility coefficient of Weiss (1974).
Model pH and ΩA are calculated from model DIC, TA, Si, T , S, and pressure
using the CO2SYS program (Lewis and Wallace, 1998). PO4 is roughly approxi18

mated from model NO−
3 using the Redfield ratio of N:P. While not a robust assumption, differences in carbonate chemistry between the NO−
3 -coupled PO4 scenario
and a PO4 = 0 scenario were negligible. The K1 and K2 equilibrium constants of
Lueker et al. (2000) are recommended for seawater carbonate system calculations
(i. e. Dickson et al., 2007). Since low S values (S < 19) are frequently encountered
in the SoG and in the model (C-09), I use the K1 and K2 equilibrium constants of
Millero (2010) which are suitable for a wide range of S (1 to 50). Differences between calculations of model pH and ΩA using the Lueker et al. (2000) and Millero
(2010) constants are negligible where S > 19.
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Figure 2.3: Conceptual diagram of electroneutral nutrient uptake in phytoplankton. H+ and OH− contribute -1 and 1 eq mol−1 to TA, respectively.
DON is dissolved organic nitrogen and DOP is dissolved organic phosphate; neither contributes to TA. Based on Zeebe and Wolf-Gladrow
(2001).
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Model river chemistry
I assigned the model freshwater carbonate chemistry parameters following a detailed analysis of datasets from Environment Canada sampling programs in the
Fraser River estuary and ∼ 150 km upstream at Hope, BC (http://aquatic.
pyr.ec.gc.ca/webdataonlinenational/), and a set of ten TA casts,
five from de Mora (1981) and five from D. Ianson (manuscript in preparation,
2014), in the southern SoG near the model site (figure 2.1; see chapter 3). The
estuary TA data are consistently lower than data from the Hope dataset, but higher
than extrapolated endmembers (S = 0) from the ten SoG casts. It is not surprising that TA varies between the three sampling locations. Fraser Valley agricultural
and urban wastewater runoff enter the Fraser River downstream of Hope (Mackas
and Harrison, 1997) and may affect TA. Suspended particles affecting TA may also
precipitate and sink on entering the SoG (de Mora, 1983).
The model is sensitive to freshwater TA, and so the selection of a suitable
model freshwater TA value is important. However, in addition to the wide range
of river TA between sampling, this selection is complicated by the presence of
organic matter. Organics are present throughout estuarine systems and can introduce error into the approximation of carbonate alkalinity from TA (Hunt et al.,
2011). In chapter 3, I investigate the model sensivity to six freshwater TA scenarios based on the datasets at Hope, in the Fraser estuary, and in the southern
SoG in order to support my selection. I define the model freshwater TA as the
mean value (873.0 µmol kg−1 ) from the 2004 through 2008 Fraser River estuary
dataset. I chose the mean Fraser estuary value because the data lie in between
the other datasets, and because the estuary sampling sites are closest to the Fraser
River mouth. I did not consider TA in other rivers due to the lack of available data.
Waldichuk (1957) estimated the Fraser River to contribute ∼77% of the annual
total freshwater runoff to the SoG based on observations for 1950, however this
estimate was much lower (∼55 to 60%) from December through April. Still, the
Fraser River is the largest freshwater source to the SoG year-round.
Freshwater DIC and TA are assumed to be coupled in the carbonate system to
the mean observed Fraser River pH (7.77) determined from hourly pH observations
between 2008 and 2013 at Environment Canada’s Fraser River Water Quality Buoy
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(http://aquatic.pyr.ec.gc.ca/webdataonlinenational/; figure 2.1b). The mean buoy pH is used along with the model freshwater TA, T
and S to calculate the model freshwater DIC (CO2SYS) using the K1 and K2 constants of Millero (1979). The Fraser River datasets and model freshwater carbonate
chemistry values are discussed in detail in chapter 3.

2.1.4

Initialization and boundary conditions

I make use of three datasets for the initialization, 40 m boundary conditions, tuning, and evaluation of the model. The STRATOGEM dataset (Pawlowicz et al.,
2007; Riche, 2011; table 2.1) contains approximately monthly profiles of T , S,
fluorescence, chl a, NO−
3 , and Si taken at the model site between April 2002 and
June 2005. For years beyond the STRATOGEM dataset, I use similar data collected at nearby locations (DFO North, figure 2.1) during a quarterly sampling
program maintained by the Institute of Ocean Sciences (IOS) in Sidney, BC (IOS
water properties dataset; Masson, 2006; Masson and Peña, 2009; D. Masson, unpublished data, 2014; table 2.1). Where I require carbonate chemistry data, I use
DIC, TA, NO−
3 , PO4 , Si, T , and S from ten IOS carbon cruises in the southern SoG
(IOS carbon dataset; D. Ianson, manuscript in preparation, 2014; table 2.1).
Dataset
STRATOGEM
IOS water properties
IOS carbon

Source(s)
Pawlowicz et al., 2007; Riche, 2011
Masson, 2006; Masson and Peña, 2009; D. Masson, pers. com., 2014
D. Ianson, manuscript in preparation, 2014

Table 2.1: Primary datasets used for initialization and boundary conditions
(section 2.1.4), tuning (appendix B), and evaluation (section 2.2.2) of the
model.

40 m boundaries
Model T , S, and chl a fluorescence at 40 m were fit to seasonal curves (C-09; AW13) and model NO−
3 and Si at 40 m were assigned constant values (C-09) using
the STRATOGEM dataset. Model NH+
4 at 40 m was set to 1.0 µM to reflect a low
background concentration. Dilution is a strong driver of TA in the SoG, and the
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variation of TA with S at 40 m would ideally be present in the boundary conditions.
However, the sampling frequency within the IOS carbon dataset is too low to reflect
this seasonal variation. Instead, I calculated 40 m TA from 40 m S (figure 2.4) using
a linear regression of TA and S data from the IOS carbon dataset. I observed the
40 m pH from the IOS carbon dataset to be approximately constant, and thus used
the mean value to calculate the 40 m DIC boundary condition (figure 2.4) along
with the seasonal fits of TA, T , and S and the mean 40 m values of PO4 and Si
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Figure 2.4: Boundary conditions for DIC (solid), TA (dash), and S (thick).

Initialization
Model runs are initialized in fall on the date of available observations (table 2.2)
and run through a full year and then beyond until the following December 31st.
Fall was selected to allow adequate spinup time before late winter dynamics become important for the spring bloom. State variables are initialized using profiles
of T , S, chl a, NO−
3 , and Si from either the STRATOGEM dataset or the IOS water
properties dataset. Phytoplankton biomass is converted from chl a using a NO−
3to-chl a conversion factor of 1.6 determined from the STRATOGEM dataset. NH+
4
is initialized to the 40 m boundary value and set to zero in the mixing layer. Micro22

zooplankton biomass is assumed to be equal to the nanophytoplankton biomass.
PON and biogenic Si detritus are estimated to be 0.2 of the microphytoplankton
biomass and DON is 0.1 of PON. Semi-labile DON is generally higher than PON
in the SoG (Johannessen et al., 2008), however model DON is not sensitive to
the initialization value and exceeds model PON after spin-up. IOS carbon profiles
from the 11 Sept, 2011 cast date are used to initialize DIC and TA. Runs with DIC
and TA initialized using each of the ten IOS carbon cruises converged within 30
days.
Base year
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012

Initialization date
31 Aug 2000
19 Sep 2001
8 Oct 2002
9 Oct 2003
19 Oct 2004
15 Sep 2005
14 Sep 2006
4 Oct 2007
11 Sep 2008
18 Sep 2009
1 Oct 2010
12 Sep 2011

Source
Masson, 2006
Masson and Peña, 2009
Pawlowicz et al., 2007; Riche, 2011
Pawlowicz et al., 2007; Riche, 2011
Pawlowicz et al., 2007; Riche, 2011
Masson and Peña, 2009
Masson and Peña, 2009
Masson and Peña, 2009
D. Masson, pers. com., 2014
D. Masson, pers. com., 2014
D. Masson, pers. com., 2014
D. Masson, pers. com., 2014

Table 2.2: Initialization dates (section 2.1.4) and profile sources for each
model base run (section 2.2.3).

Forcing
The model is forced at the surface with hourly wind speed (U) and direction, cloud
fraction (CF), air temperature and relative humidity observations from Environment Canada (http://climate.weather.gc.ca/). Hourly 10 m U and
wind direction observations were obtained at Environment Canada’s Sandheads CS
weather station located near the model site at the edge of the Fraser River sediment
bank (figure 2.1). Hourly CF, relative humidity, and air temperature observations
were obtained at the Environment Canada weather station at Vancouver International Airport (YVR, figure 2.1). U and wind direction have been transformed into
velocity components and rotated such that the u velocity is oriented cross-strait
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toward 35◦ NE and the v velocity is oriented along-strait toward 305◦ NW. Wind
stress is calculated according to Large and Pond (1982). Solar irradiance is determined by positioning the sun according to time of day and year and filtering the
downward radiation using a cloud model (AW-13).
Total freshwater flux (Qt , volume/time) into the SoG is prescribed using daily
river discharge measurements obtained by Environment Canada (http://www.
wateroffice.ec.gc.ca/) in the Fraser River at Hope and in the Englishman
River at Parksville (figure 2.1). Englishman River discharge is used in this study
as a proxy for the contribution of small, rainfall-dominated rivers to the freshwater
budget of the SoG (C-09). A total freshwater flux profile, Ft , is parameterized in
terms of Qt , model S, and the model mixing layer depth to represent the freshwater
flux into the model domain (AW-13).

2.2
2.2.1

Results
Distribution and seasonal variability

Model S varies seasonally (∼5 to 30) in the top 10 m due primarily to changes
in U and Qt (figure 2.5a and b). Surface S can be quite low (< 5) in May to August, particularly during large Qt . The surface freshwater lense during this period
reaches a maximum depth of about 5 m, below which lies a strong halocline. The
depth of the mixing layer also varies seasonally (∼1 to 20 m) and is shallowest
during peak Qt (figure 2.5a). The mixing layer depth appears to be best described
by a combination of U 3 and Qt . Strong winds and a weak halocline in September
through April coincide with a relatively deep mixing layer (> 5 m, figure 2.5a and
b). Strong wind events in May through August are associated with mixing-layerdeepening and increased surface S (e. g. summer 2009), however, wind cannot
maintain a mixing layer as deep in summer as it can in winter due to increased
stratification.
Background chl a biomass is low (< 1 mg m−3 , figure 2.5c). An elevated nearsurface signal (> 3 mg m−3 , top 10 m) appears between February and April and
persists until sometime in October, except during large freshets when near-surface
chl a biomass is reduced to background concentrations. The high chl a signal
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Figure 2.5: Four years (1 Jan 2009 through 31 Dec 2012) of (a) daily observed wind speed cubed (U 3 , light grey), daily total freshwater discharge (Qt , solid line), and modeled mixing layer depth (dark grey),
(b) model S, (c) model chl a, (d) model DIC, and (e) model pH. U 3 is
obtained from hourly wind speed observations by Environment Canada
at Sandheads (figure 2.1; section 2.1.4) that is low-pass filtered ( f = 1
day−1 ) and cubed. Qt is obtained from Environment Canada observations of Fraser River discharge at Hope and Englishman River discharge
at Parksville (C-09; figure 2.1). Plots (b)-(e) are temporally averaged
using a 7-day running mean. The bold black contour (e) is the ΩA = 1
horizon.

25

moves away from the surface in May and until September the chl a maximum is
found at ∼10 m depth. Masson and Peña (2009) observe a similar summer 10 m
chl a maximum in the southern SoG. The shift of the phytoplankton distribution
away from the surface in May directly follows the depletion of surface NO−
3 , and
the depth of the chlorophyll maximum is consistent with the maximum depth of
−
NO−
3 depletion (NO3 < 1 µM) during this time.

Model DIC is high (> 2, 000 µmol kg−1 ) at the 40 m boundary relative to
the surface (figure 2.5d). Near-surface dilution or drawdown of DIC is evident
in the top 10 m during the times of reduced S and elevated chl a biomass. Like
S and chl a, DIC also follows a seasonal cycle in the top 10 m with the highest (∼1,900 µmol kg−1 ) values occuring in December to April and the lowest
(∼1,000 µmol kg−1 ) values occuring in June and July. Because of the high 40 m
DIC boundary condition throughout the year (∼2,050 to 2,090 µmol kg−1 , figure 2.4), the vertical gradient of DIC is strongest during periods of low surface
DIC (April through October).
Model pH ranges from 7.6 near the 40 m boundary to 8.4 near the surface when
significant chl a biomass is present (figure 2.5c and e). Near-surface pH varies
seasonally with lower (∼7.8) values occurring in October to sometime in February
or March and a high (8.0 to 8.4) pH signal beginning in March and persisting
through September (figure 2.5e). Water below about 10 m is generally low in pH
(< 8.0), and water below about 20 m is generally undersaturated with respect to
aragonite (ΩA < 1). The aragonite saturation horizon (ΩA = 1) is present at ∼20 m
during most of the year, except from November through February and during large
(> 6, 000 m3 s−1 ) freshets when it shoals to the surface (figure 2.5a and e). Strong
wind events appear to mix the water column across the chemocline, particularly in
March and April before peak Qt onset. This mixing brings DIC-rich water to the
surface and lowers the surface pH (e. g. spring 2010, figure 2.5a, d and e).

2.2.2

Evaluation

I evaluate the model results against ten profiles of DIC, TA, pH and ΩA from the
IOS carbon dataset. The profiles span all seasons and cover a three year period from
2010 through 2012 with a December 2003 cast included. I additionally use profiles
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of T , S and NO−
3 from these casts to evaluate the model physics and biology in the
context of the carbonate system.
Station
Model site
DFO North
DFO South
DFO 1
DFO 3
DFO 4
DFO 5
DFO 7
DFO 8
DFO 9

Latitude
49.125 N
49.164 N
49.030 N
49.144 N
49.201 N
49.227 N
49.003 N
49.055 N
48.974 N
49.016 N

Longitude
123.558 W
123.548 W
123.437 W
123.613 W
123.438 W
123.344 W
123.501 W
123.372 W
123.301 W
123.221 W

Dataset(s)
STRATOGEM
IOS water properties, IOS carbon
IOS water properties, IOS carbon
IOS water properties
IOS water properties
IOS water properties
IOS water properties
IOS water properties
IOS water properties
IOS water properties

Table 2.3: Coordinates for the model and sampling locations (figure 2.1).
Datasets (table 2.1) that contain casts at each respective location are listed
in the far right column.
CTD date
7 Apr 2012
23 Jun 2011
11-12 Sep 2011
4 Dec 2003

Carbon sampling dates
North South 1 3 4
2 Apr 2012, 7 Apr 2012
F
21 Jul 2010, 23 Jun 2011, 16 Jul 2012
X
F X X X
7 Aug 2010, 11 Sep 2011, 12 Sep 2011 F
F X X X
4 Dec 2003, 31 Oct 2010
F
X X X X

5
X
X
X
X

7 8 9
X X X
X
X
X

Table 2.4: CTD casts used to estimate the spatial variability of T and S (figure 2.6a and b) for the given sampling dates from the IOS carbon dataset
(table 2.1). Locations of CTD casts (see table 2.3) are identified by X and
F. Bold text indicates carbon profiles taken during the same cruise as the
accompanying CTD casts, and F indicates carbon sampling locations.
The location and horizontal structure of the Fraser River plume is strongly influenced by wind, rivers, and tides (Royer and Emery, 1982). Since the 1-D model
parametrizes freshwater input in terms of Qt only and the model site is fixed (Eulerian rather than Lagrangian), it is not possible to capture movement of the plume,
leading to disagreement at times between the model and observations at DFO North
and DFO South. To estimate horizontal spatial variability in T and S in the plume
vicinity I use additional CTD casts from the IOS water properties dataset taken at
locations near the Fraser River mouth (figure 2.1a; table 2.3) during four of the IOS
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carbon cruises (table 2.4). The difference between the minimum (or maximum) and
mean observed values across all stations at each depth is interpreted as the lower
(or upper) range of horizontal variability in the plume region during each of the
four cruises. The four T and S horizontal variability profiles are assigned to the ten
T and S carbon cruise profiles by season, one per cruise (table 2.4). I estimate temporal variability as the minimum and maximum modeled values at a given depth in
a 7-day window centered on the date of comparison with an observed profile.
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Figure 2.6: Profiles of modeled and observed (a) T , (b) S, and (c) NO−
3 at
DFO North and DFO South for ten carbon cruise dates (spring through
fall, IOS carbon dataset). The grey envelope around the solid model
curve represents the model temporal variability at the given depth within
a 7 day window. The errorbars represent the spatial variability in T and
S estimated from CTD data (table 2.4). The thick box indicates where
surface T and S are overestimated and underestimated, respectively, by
the model. The thin box indicates where 5 m NO−
3 is underestimated by
the model.
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Observed horizontal T and S variability range from near 0◦ C and ∆S ∼ 0 on 7
April 2012 and 4 Dec 2003 and below 20 m to ∼ 7◦ C at 10 m on 11-12 Sep 2011
(see error bars, figure 2.6a) and ∆S ∼ 15 at 5 m on 23 Jun 2011 (see error bars,
figure 2.6b). Temporal T and S variability are highest near the surface on 11-12
September 2011 and 23 Jun 2011, respectively (∼ 3◦ C and ∆S ∼ 4). The greatest
spatial and temporal S variability generally occurs during periods of strong Fraser
River discharge (freshet season, June-July). High spatial variability in S at 5 m in
the June 2011, July 2012, and July 2010 profiles (∆S ∼ 7 to 15, figure 2.6b) can
be interpreted as abrupt changes in the halocline depth with increasing/decreasing
proximity to the river plume.
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Figure 2.7: Linear regression of all DIC (solid) and TA (open) versus S observed at DFO North (square) and DFO South (circle) for the ten carbon
sampling dates (IOS carbon dataset) in spring through fall. The regression slopes (aDIC and aTA , solid and dashed lines, respectively) are used
to evaluate the model, specifically by estimating spatial variability of
DIC and TA (figures 2.8a and 2.8b) from the S variability in figure 2.6b.
Overall, modeled T and S agree with observed T and S within the ranges of
variability, particularly below 5 m and at the surface in September through April.
Disagreement in T and S can be seen in 40% of the comparisons at the surface
and is focused in July and August. The model underestimates surface S on 16 Jul
2012, 21 Jul 2010, and 7 Aug 2010 by ∼3 to 7 (thick box, figure 2.6b) suggesting
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a fresher surface or stronger plume influence in the model than at the sampling
location. The model also overestimates T by ∼1 to 3◦ C on those dates (thick box,
figure 2.6a), which supports a stronger model river influence. Additionally, the
model overestimates surface T on 23 Jun 2011 by ∼ 6◦ C and surface S on 31 Oct
2010 by ∼11.
Observed DIC and TA are to first order linear with respect to S for all ten profiles (figure 2.7), indicating that dilution is the strongest driver of changes in both
quantities. Biological uptake and remineralization generally cause deviations from
a linear relationship to S, particularly in DIC (Ianson et al., 2003). The linear regressions of DIC and TA with S (figure 2.7) are therefore approximations. The
slopes of these regressions, one per cast for each DIC and TA cast to S (figure 2.7),
are used to scale the spatial S variability (figure 2.6b) to the two quantities (figure 2.8a and b). Since these slopes are seasonally variable due to biological activity
and changes to endmember concentrations, I use a unique regression slope for each
scaling (e. g. 2 Apr 2012 in figure 2.7 is used to estimate DIC and TA variability
from S variability for 2 Apr 2012 in figure 2.6b). Model surface DIC and TA are
underestimated (∼ 65 to 185 µmol kg−1 and ∼65 to 100 µeq kg−1 , respectively)
on two of the three dates (16 Jul 2012 and 7 Aug 2010) where model surface S is
underestimated (thick box, figure 2.8a and b). These low estimates are consistent
with the closer plume proximity discussed earlier, however, the low model surface
S estimate on 21 Jul 2010 (thick box center, figure 2.6b) is not accompanied by low
model surface DIC or TA estimates.
On 21 Jul and 7 Aug 2010, DIC is underestimated by the model (∼ 90 to
120 µmol kg−1 ) where TA is not (thin box, figure 2.8a and b). This DIC disagreement is located below the surface at ∼ 5 m, and is not consistent with model/data
disagreement in either T or S. Instead, these instances where the model underestimates DIC but not TA occur during the times of greatest model NO−
3 underprediction (thin box, figure 2.6c). These low (∼ 8.5 to 10 µM) model NO−
3 estimates
are indicative of residual overproductivity in the tuned biology model and are centered at 5 m due to the presence of a subsurface chl a maximum. The magnitude
of the DIC disagreement is ∼ 1.6 to 1.8 times larger than the product of the NO−
3
disagreement and the Redfield C:N ratio, suggesting that overproductivity could
account for the majority of the low model DIC estimates at 5 m on these dates.
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Figure 2.8: Profiles of modeled and observed (a) DIC, (b) TA, (c) pH, and
(d) ΩA at DFO North and DFO South for ten carbon cruises in spring
through fall (IOS carbon dataset). pH and ΩA are calculated from DIC
and TA (section 2.1.3). The grey envelope around the solid model curve
represents the model temporal variability at the given depth within a
7 day window (minimum and maximum values). Errorbars represent
the spatial variability in DIC and TA estimated from S (figure 2.6b, figure 2.7), and in pH and ΩA estimated from DIC (a) and TA (b) and
T and S (figure 2.6a and b). The thick box indicates where surface T
and S are overestimated and underestimated, respectively, by the model
(figure 2.6a and b). The thin box indicates where 5 m NO−
3 is underestimated by the model (figure 2.6c).
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High (∼ 9 µM) NO−
3 disagreement also occurs on 16 Jul 2012 at 5 and 10 m (figure 2.6c), however, the model overestimates NO−
3 in this case and the disagreement
does not appear to affect DIC relative to TA (figure 2.8a and b).
Spatial variability of pH and ΩA calculated from DIC and TA observations
is determined (CO2SYS) using the spatial variability limits of DIC and TA (figure 2.8a and b) and T and S (figure 2.6a and b). Low (or high) model estimates
of surface S (or T ) (thick box, figure 2.6a and b) that indicate a stronger plume
influence are associated with high model estimates of surface pH (∼ 0.07 to 0.27)
and ΩA (∼ 0.0 to 0.9) on 16 Jul 2012, 21 Jul 2010, and 7 Aug 2010 (thick box, figure 2.8c and d). The high model estimates of pH and ΩA during an elevated river
influence are unexpected since the Fraser River is generally low in pH relative to
the surface SoG with ΩA < 1. However, estuarine mixing where freshwater pH is
less than seawater pH does not produce a linear mixing curve of pH with S, and
pH maxima can occur at as low as S = 8 or as high as S = 17 (figure 3.8; Hofmann
et al., 2009; Whitfield and Turner, 1986).
Low model estimates of NO−
3 at 5 m (thin box, figure 2.6c) that indicate overproductivity are associated with high model estimates of pH (∼ 0.0 to 0.2) and ΩA
(∼ 0.6 to 1.1) on 21 Jul 2010 and 7 Aug 2010 (thin box, figure 2.8c and d). Contrary to the behavior of pH and ΩA with increasing freshwater influence, the high
model estimates of pH and ΩA attributed to overproductivity are intuitive results
of reducing model DIC relative to TA. The model overestimates pH and ΩA most
severely on 21 Jul 2010 (0.27 and 0.9 in the surface and 0.20 and 1.1 at 5 m, respectively). The collective disagreement of surface T and S and 5 m NO−
3 is also
most severe on that date.
Direct comparisons of modeled and observed pH (figure 2.9) and ΩA (figure 2.10) independent of depth further illustrate the relative importance of disagreement with respect to physics (T and S) and biology (NO−
3 ). The model tendency to
overestimate pH and ΩA is clear at model pH > 8.0 (figure 2.9a and c) and model
ΩA > 1.5 (figure 2.10a and c) and is accompanied by low model estimates of S and
NO−
3 . I evaluate model error due to physics (figures 2.9b and 2.10b) by recalculating model pH and ΩA with subtracted model disagreement in T and S (figure 2.6a
and b) and corrections to DIC and TA estimated from S regressions (figure 2.7).
The physics corrections appear to improve the pH and ΩA agreement for some
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Figure 2.9: Modeled versus observed pH for ten carbon cruises in spring
through fall (IOS carbon dataset). pH is calculated from DIC and TA
(section 2.1.3). Color indicates S disagreement (model - observations)
(a, b) and NO−
3 disagreement (c, d). Model error due to physics (b) is
evaluated by recalculating model pH with subtracted model disagreement in T and S (figure 2.6a and b) and corrections to DIC and TA
estimated from S regressions (figure 2.7). Model error due to biology
(d) is evaluated by recalculating model pH with subtracted corrections
to DIC and TA estimated from the Redfield ratio and electroneutral uptake assumptions (figure 2.3). Vertical errorbars represent the model
temporal variability within a 7 day window (minimum and maximum
values). Horizontal errorbars represent the spatial variability estimated
from DIC and TA (figure 2.8a and b) and T and S (figure 2.6a and b).
Observations are from DFO North and DFO South. The 1:1 line is also
shown (dash).
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Figure 2.10: Modeled versus observed ΩA for ten carbon cruises in spring
through fall (IOS carbon dataset). ΩA is calculated from DIC and TA
(section 2.1.3). Color indicates S disagreement (model - observations)
(a, b) and NO−
3 disagreement (c, d). Model error due to physics (b) is
evaluated by recalculating model ΩA with subtracted model disagreement in T and S (figure 2.6a and b) and corrections to DIC and TA
estimated from S regressions (figure 2.7). Model error due to biology
(d) is evaluated by recalculating model ΩA with subtracted corrections
to DIC and TA estimated from the Redfield ratio and electroneutral uptake assumptions (figure 2.3). Vertical errorbars represent the model
temporal variability within a 7 day window (minimum and maximum
values). Horizontal errorbars represent the spatial variability estimated
from DIC and TA (figure 2.8a and b) and T and S (figure 2.6a and b).
Observations are from DFO North and DFO South. The 1:1 line is also
shown (dash).
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points with low S estimates, however it is not clear whether the corrections improve the overall pH and ΩA agreement. I evaluate model error due to biology
(figures 2.9d and 2.10d) by recalculating model pH and ΩA with subtracted corrections to DIC and TA estimated from the Redfield ratio and electroneutral uptake
assumptions (figure 2.3). The biology corrections clearly improve the pH and ΩA
agreement at several points with low NO−
3 estimates, and they appear to improve
the overall agreement as well.
Despite the model-data disagreement in pH and ΩA discussed, the model generally reproduces observations of the two quantities consistently across the ten sampling dates from the IOS carbon dataset. Where model-data disagreement arises,
the tendancy of the model to overestimate the freshwater influence and primary
productivity during the summer leads to low predictions of near-surface DIC and
high predictions of near-surface pH and ΩA . Near-surface pH and ΩA are overestimated by as much as 0.27 and 1.1, respectively. The two quantities are rarely,
and never severely, underestimated by the model. Because low pH and aragonite
saturation state are unfavorable for the SoG ecosystem, I consider the high model
estimates during disagreement to represent a best case scenario.

2.2.3

Sensitivity studies

Near-surface (top 10 m) pH and ΩA appear to follow the seasonal cycle of chl a
(figure 2.5c and e). The appearance of elevated chl a biomass (> 3 mg m−3 ) between February and April represents the onset of the spring diatom bloom, the
timing of which is determined primarily by U and CF averaged from December to
March and is weakly sensitive to Qt averaged over the same period (AW-13). U
and Qt can also impact pH and ΩA directly (e. g. March 2010 wind events appear to
mix pH across depth, June/July 2011 and 2012 freshets occur with surface ΩA < 1,
figures 2.5a and e).
I designed a series of sensitivity runs in order to quantify the importance of
U, Qt , and CF on the seasonal distribution of pH and ΩA . The model base runs
were initialized between September and October from 2001 to 2012 on the date of
the available sampling cast, unique for each year (table 2.2), and run through the
end of the following year. For each base run, 3 sets of 12 experimental runs were
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performed (table 2.5). The first set, experiment 1, cycles through 12 separate years
(2001-2012) of U data while keeping Qt and CF the same as the base run year.
Experiments 2 and 3 use the same years of Qt and CF data, respectively. The 3
experiments (12 base runs × 3 sets of 12 experimental runs each) total 432 runs. I
chose these 432 runs to create a wide range of realistic scenarios for the southern
SoG.
Experiment
1
2
3

U
2001-2012
Base year
Base year

Qt
Base year
2001-2012
Base year

CF
Base year
Base year
2001-2012

Runs
144
144
144

Table 2.5: Summary of model sensitivity experiments. Columns indicate the
year(s) of data used for each forcing quantity. Each experiment is performed for all base years (table 2.2) totaling 432 runs.
The standard metrics I define for evaluation against the varied forcing quantities are pH averaged from the surface to 3 m (pH3m ), the onset of spring surface
aragonite supersaturation (ΩAsur > 1), the onset of winter surface aragonite undersaturation (ΩAsur < 1), and the duration of summer surface ΩAsur < 1. These metrics
are also evaluated against the depth-integrated (0 to 40 m) mid-day PP (PPint ) although PP is generally concentrated in the top 10 m (figure 2.5). I selected a 30-day
backaveraging window based on the biological residence time (appendix D) in order to standardize pH3m , PPint , and forcing quantities.
The correlation between a model metric and a forcing quantity using a specific
backaveraging window across all relevant sensitivity runs provides the basis for the
evaluation of these experiments. I quantify the correlation using linear regression.
Figure 2.11 shows four of these regressions during times when the correlation is
relatively strong (r2 > 0.5 except figure 2.11c). pH3m is anticorrelated to U during
mid-March to mid-April (figure 2.11a) and anticorrelated to Qt during mid-June
to mid-July (figure 2.11b). Spring ΩAsur > 1 onset is positively correlated to CF
averaged over February (figure 2.11c) and summer ΩAsur < 1 duration is positively
correlated to Qt averaged over July (figure 2.11d). The four plots suggest that
increased U and CF during February, March, and early April and increased Qt
during June and July all act to reduce near-surface pH and ΩA .
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Figure 2.11: Scatterplots of (a) experiment 1: model pH3m versus observed
U backaveraged 30 days from 15 Apr, (b) experiment 2: model pH3m
versus observed Qt backaveraged 30 days from 10 Jul, (c) experiment
3: model spring ΩAsur > 1 onset versus observed CF backaveraged 30
days from 6 Mar (CF only), and (d) experiment 2: model summer
ΩAsur < 1 duration versus observed Qt backaveraged 30 days from 25
Jul (Qt only). Experimental runs sharing the same U (a), Qt (b and d),
and CF (c) timeseries are averaged and errorbars represent the standard deviation (n = 12) of each average (e. g. all base runs using the
2005 U record are summarized as a point with errorbars). Linear regression is performed using the unaveraged experimental runs, and p
is determined from a Student’s t-test.
3 m averaged pH
It is difficult to characterize the relationship between any two quantities throughout the year using only single specific windows (e. g. figure 2.11). Additionally,
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these snapshots do not address possible lag time between a forcing event and the
response of a model metric. Thus, I also consider a timeseries of R2 values, each
point representing a regression between pH3m and either U, Qt , or CF for a particular backaveraging window determined by the yearday (figure 2.12b). To help
me determine times when biological interactions are important, I further consider a
timeseries of the correlation between pH3m and PPint (figure 2.12b). I also consider
the variability of the annual cycle of 30-day backaveraged pH3m using the standard
deviation and minimum and maximum values across the 432 sensitivity runs (figure 2.12a). A variable lag between the averaging windows for the independent
(i. e. forcing, PPint ) and dependent (i. e. pH3m ) quantities is chosen to maximize
the value of R2 (appendix E). The lag designates the number of days that the independent quantity backaverage precedes the dependent quantity backaverage. Lag
periods are limited to be less than or equal to 30-days. Those that exceeded 30 days
did not significantly increase the value of R2 .
The strong anticorrelation between pH3m and U (R2 > 0.5) during mid-March
to mid-April and between pH3m and Qt (R2 > 0.9) during mid-June to mid-July
(figure 2.11a and b) correspond to peaks in the timeseries of pH3m correlation
against U and Qt (figure 2.12b), although the values of R2 in the timeseries are
higher due to the lag. The width of each peak represents the period during which
the relationship is strong (∼ 2 to 3 months). Lag periods between the forcing
quantities and pH3m are generally short (∼ 5 to 10 days for U, Qt , and CF) during periods of strong correlation (figure E.1a). Anticorrelation between pH3m and
U is relatively strong (R2 > 0.5) throughout the year except between June and
August, and reaches a maximum of 0.8 in March and April. Anticorrelation between pH3m and Qt is isolated to June through early August, and a period of weak
positive correlation between the two quantities occurs in mid-April to mid-May
(figure 2.12b). Anticorrelation between pH3m and CF is weak (R2 < 0.2) except in
September through October (R2 > 0.6, figure 2.12b). Additional sensitivity experiments in which air temperature was varied resulted in even lower and generally
non-significant strengths of correlation (not shown).
The seasonal cycle of near-surface pH discussed in section 2.2.1 appears across
all sensitivity runs, however there are two periods, February through April (spring)
and mid-May through mid-August (summer), where pH3m variability is high (total
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Figure 2.12: Timeseries of (a) mean (dash), standard error (light gray), and
minimum and maximum (dark gray) 30-day backaveraged pH3m , and
(b) 30-day backaveraged pH3m correlation against 30-day backaveraged U (bold), Qt (dash dot), CF (solid) and PPint (patch). Regressions against U, Qt , and CF (e. g. figure 2.11) are performed using
the set of runs from experiments 1, 2 and 3, respectively (table 2.5),
and regressions against PPint are performed using the total set of 432
experimental runs. pH3m is backaveraged from the indicated date on
the x-axis and the U, Qt , CF, and PPint backaverages precede the indicated date by a lag which maximizes R2 (figure E.1b). Red lines
and patches indicate anticorrelation while black lines and gray patches
indicate positive correlation.
range > 0.3) relative to the rest of the year (figure 2.12a). The spring period of high
pH3m variability occurs with the maximum anticorrelation between pH3m and U
(R2 > 0.8). Likewise, the summer period of high pH3m variability occurs with the
maximum anticorrelation (R2 > 0.9) between pH3m and Qt (figure 2.12b). There
is also a third period of increased pH3m variability (∼ 0.2) in October through
November (autumn) associated with a rise in anticorrelation between pH3m and U
(figure 2.12a and b).
There are two time periods during the year when pH3m is strongly correlated
(R2

> 0.8) to PPint (figure 2.12b). The earliest, February through April, nearly

overlaps the spring period of peak anticorrelation between pH3m and U. Consider39

ing the role wind has been shown to play in the timing of the spring phytoplankton
bloom (C-09), this overlap suggests that the effect of U on pH3m here is at least partially biologically mediated (e. g. wind attenuation of spring productivity). Similarly, the strong correlation between pH3m and PPint from June through August
during summer anticorrelation between pH3m and Qt (figure 2.12b) suggests that
peak outflow negatively affects PPint which in turn lowers pH3m . A period of elevated correlation (R2 ∼ 0.6) between pH3m and PPint from mid-September through
November (figure 2.12b) is associated with the autumn period of increased pH3m
variability (figure 2.12a).
There are considerable lag times that follow the onset of the peaks in correlation of pH3m to PPint (up to 30 days, figure E.1a). Most of the backaveraged pH3m
values during these periods are actually best correlated with backaveraged PPint
near the beginning of the period of strong correlation. This persisting correlation
indicates that PP is not a continuous driver of pH, but rather that the effects of biological events, such as the spring bloom, on pH tend to last for periods as long as
2 months.
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Figure 2.13: Correlation timeseries of (a) spring ΩAsur > 1 onset, (b) summer
ΩAsur < 1 duration, and (c) winter ΩAsur < 1 onset versus U (bold),
Qt (dash-dot), CF (solid), and PPint (patch). Regressions against U,
Qt , and CF (e. g. figure 2.11) are performed using the set of runs from
experiments 1, 2 and 3, respectively (table 2.5), and regressions against
PPint are performed using the total set of 432 experimental runs. Red
lines and patches indicate anticorrelation while black lines and gray
patches indicate positive correlation.
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Surface ΩA
The correlation between spring ΩAsur > 1 onset and CF (figure 2.11c) can be seen at
the R2 peak in February and March (figure 2.13a). Similarly, the strong (R2 > 0.8)
correlation between summer ΩAsur < 1 duration and Qt (figure 2.11d) can be seen
as a peak in the correlation timeseries in June through July (figure 2.13b). The
correlation between spring ΩAsur > 1 onset and CF is overlapped by a nearly identical correlation between spring ΩAsur > 1 onset and PPint (figure 2.13a). Likewise,
the correlation between summer ΩAsur < 1 duration and Qt overlaps with a similar
correlation between summer ΩAsur < 1 duration and PPint (figure 2.13b). These correlations to PPint suggest that the indicated relationships between spring ΩAsur > 1
onset and PPint (figure 2.13a) and summer ΩAsur < 1 duration and Qt (figure 2.13b)
are biologically-mediated. These biological connections are supported by the similarities between model ΩA and model chl a described earlier (figure 2.5). The
winter ΩAsur < 1 onset is only weakly correlated to U, Qt , CF, and PPint during
October and November (figure 2.13c).

2.3

Discussion

2.3.1

Mechanisms

Spring pH versus wind
Increased U is strongly associated with reduced pH3m during the spring (February
through April) period of high pH3m variability (figure 2.12a and b). I propose two
mechanisms for this relationship. The first mechanism is strictly physical, although
it relies on the prior biological drawdown of near-surface DIC (and increase in
pH). Increased U during spring mixes DIC-rich water from below the chemocline
into the near-surface, thus lowering pH3m . This mechanism is supported by two
key features of the pH3m variability timeseries (figure 2.12a). The low variability
of pH3m prior to the spring season represents winter conditions where the water
column is well-mixed and the vertical DIC gradient is weak. Wind mixing of the
water column will have little effect on pH3m during this time. The low variability of
pH3m following the spring season arises when the effect of freshwater stratification
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on pH3m becomes stronger than that of wind mixing (figure 2.12a). Since U and
Qt have competing effects on pH3m in May, pH3m is stabilized.
The second mechanism is biological, in that it directly involves changes in PP
(which are driven by physics). Increased U during spring will either deepen the
mixing layer depriving phytoplankton of light, or transport phytoplankton below
the mixing layer all together. This mechanism is supported by the strong correlation between pH3m and PPint during spring (figure 2.12b). This mechanism is
also consistent with the low pH3m variability in December through February (winter) and in May (figure 2.12a) since winter is a time of low solar irradiance and
freshwater stratification in May is generally strong enough to resist wind mixing.
In order to explore which mechanism is the primary driver of the relationship
between U and pH3m in spring, I examine DIC fluxes from vertical mixing and net
PP. The DIC mixing flux, Φmix
DIC , is defined according to Fick’s first law evaluated
at depth d
Φmix
DIC = − K(z)

∂ DIC
∂z

(2.3)
−d

where K(z) is the vertical diffusivity determined by the KPP model and d is the
depth that maximizes Φmix
DIC . I further require d to be greater than 5 m to ensure
mixing of DIC from below the near-surface. The DIC biological flux, ΦPP
DIC , is
defined as the depth-integrated difference of DIC uptake and remineralization
ΦPP
DIC

Z 0 


uptake − remin dz

=

(2.4)

−D

where D is the depth of the model domain. Biological processes, including remineralization, in the model are near-surface intensified so integration over the model
depth resolves the net fluxes without distorting their magnitude.
The magnitude and variability of Φmix
DIC are about a factor of 2 larger than those
of ΦPP
DIC (figure 2.14a). A preliminary survey would suggest that vertical mixing has a stronger impact on near-surface DIC than biological activity. However,
PP
the correlations between Φmix
DIC and ΦDIC provide a more complete scenario. Both

fluxes, when backaveraged over a 30 day window and regressed against U, can be
presented in terms of their correlation coefficients as timeseries similar to those in
figure 2.12 (figures 2.14c). In March, Φmix
DIC is anticorrelated to U suggesting, sur42

prisingly, that increased winds prevent net DIC transport to the near-surface (and
reductions in near-surface pH) rather than enhancing it. However, the magnitude
of ΦPP
DIC is also anticorrelated to U in March. This relationship suggests that the
reason U seems to be preventing DIC transport rather than enhancing it is because
the biological DIC uptake fluxes necessary to establish vertical DIC gradients are
weak. The net DIC transport over these weak gradients is small as a result, thus
explaining the anticorrelation between Φmix
DIC and U. In April, the correlations are
reversed.
The turning point where R changes sign signifies a fundamental shift in the
function of U on PP (ΦPP
DIC ). In March, increased U tends to suppress PP by deepening the mixing layer and delaying the spring bloom. In April, however, blooms
have already occurred in several of the model scenarios, and the role of U has
changed such that wind mixing provides nutrients and enhances PP. The function of
PP
mix
U on Φmix
DIC is determined by ΦDIC . In March, net vertical DIC mixing fluxes (ΦDIC )

are small unless a strong vertical DIC gradient has been established by near-surface
biological uptake. In April, a strong vertical DIC gradient has been established and
Φmix
DIC is more directly coupled to wind mixing. This interpretation indicates that biological fluxes are primarily responsible for the relationship between pH3m and U
prior to April during the bloom, and mixing fluxes are primarily responsible for the
relationship between pH3m and U from April onward following the bloom. In the
context of equation 2.3, variations in the vertical gradient of DIC (∂ DIC/∂ z) form
the primary driver of pH3m prior to April, and variations in the vertical diffusivity,
K(z), form the primary driver of pH3m from April onward.
Summer pH versus freshwater
Increased Qt is strongly associated with reduced pH3m during the summer (midMay through mid-August) period of high pH3m variability (figure 2.12a and b). I
propose four potential mechanisms for this relationship: (1) freshwater dilution of
TA relative to DIC, (2) N limitation due to reduced entrainment velocity, (3) light
limitation due to increased turbidity, and (4) loss of phytoplankton due to increased
estuarine advection. All four mechanisms are consistent with the negative correlation between Qt and pH3m during the freshet season (figure 2.12b). However, the
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30-day backaveraged Qt . Regressions against U and Qt are performed
using the set of runs from experiments 1 and 2, respectively (table 2.5).
fresh
PP
Φmix
DIC , ΦDIC , and ΦDIC are backaveraged from the given date and the
U and Qt backaverages precede the indicated date by a lag which maximizes R2 (figure E.2). Red lines and patches indicate anticorrelation
while black lines and gray patches indicate positive correlation.
strong summer correlation between pH3m and PPint would suggest mechanisms (2)
through (4) since freshwater dilution of TA relative to DIC could occur independently of changes in PP.
In order to determine which mechanism is driving the relationship between
pH3m and Qt in summer (figure 2.12b), I examine an additional DIC flux attributed
to freshwater dilution. Scalar fluxes from freshwater into the model are more accurately defined in terms of the parameterized total freshwater flux, Ft , rather than Qt
since Ft describes the freshwater received at the model location. Ft (volume/time)
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is parametrized in terms of Qt , mixing layer S, and mixing layer depth (AW-13),
and is approximately linear with Qt (ratio ∼ 2.0 × 10−8 ) in the model surface at
Qt < 6, 000 m3 s−1 and approximately constant at Qt > 6, 000 m3 s−1 . The DIC
freshwater dilution flux, Φfresh
DIC , is defined as the product of Ft and the DIC circulation strength, DICb − DICr


Φfresh
=
F
DIC
−
DIC
t
r
b
DIC

(2.5)

where DICb is the DIC 40 m boundary condition (constant, section 2.1.4) and DICr
is the freshwater DIC value (variable, section 2.1.3).
Despite the large DIC loss due to freshwater dilution (figure 2.14b), the effect
of Φfresh
DIC on pH3m is determined by the relative loss of DIC with respect to TA.
The magnitude of Φfresh
DIC is therefore a weaker indicator of the relationship between
pH3m and Qt than the correlation between Φfresh
DIC and Qt (figure 2.14d). I consider
fresh
Φfresh
DIC to be a potentially strong driver of summer pH3m variability if (a) ΦDIC

demonstrates high variability during summer (indicating changes driven primarily
by Qt ), and (b) the correlation between Φfresh
DIC and Qt is strong. The variability of
Φfresh
DIC between mid-May and mid-August is overall on the same order as that of
fresh
ΦPP
DIC (figure 2.14b), but the correlation between ΦDIC and Qt reaches a lowpoint

during the freshet season (figure 2.14d). The weak correlation between Φfresh
DIC and
Qt suggests that freshwater dilution of DIC and TA is not a strong driver of pH3m
variability. Conversely, the strong anticorrelation between ΦPP
DIC and Qt between
mid-May and mid-August (figure 2.14d) suggests that PP is the primary driver of
summer pH3m variability.
Finally, in order to identify the dominant biological mechanism driving the
relationship between pH3m and Qt in summer, I compare the net entrainment flux
of DIN, ΦEN , (vertical entrainment - horizontal advection) over the model domain
to depth-integrated gross N-uptake, ΦGPP
N , during a small freshet year (2010, ∼
6, 000 m3 s−1 peak outflow) and a large freshet year (2011, ∼ 11, 000 m3 s−1 peak
outflow). There is a dramatic reduction in ΦEN from 2010 to 2011 accompanied by a
similar reduction in ΦGPP
(figure 2.15). The time-integrated fluxes (June-July) for
N
ΦGPP
in 2010 are near those for ΦEN (∼ 86%). In other words, primary producers
N
use most of the entrained N. However, in 2011 summer time-integrated ΦGPP
is
N
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Figure 2.15: Timeseries of modeled ΦEN (dash) and ΦGPP
(solid) from May
N
through mid-August for (a) 2010 and (b) 2011.
only ∼ 37% of that for ΦEN . This comparison suggests that although phytoplankton
are generally N-limited during the freshet season, and that ΦEN is reduced at large
Qt , phytoplankton are limited by another mechanism during large freshets. This
mechanism is most likely light limitation or estuarine advection of phytoplankton
or both; processes that are not easily separated in the model.
Surface ΩA
Of the three forcing quantities used in the sensitivity experiments, spring surface
ΩA > 1 onset is most strongly correlated to CF (figure 2.13a). The nearly identical
strength of correlation (R2 ) demonstrated between CF and PPint (figure 2.13a) suggests that the effect of CF on spring surface ΩA > 1 onset is biologically-mediated
(e. g. light-availability to phytoplankton). Rapid phytoplankton growth due to
changes in light-limitation in early spring is analagous to the spring bloom, and
previous studies have demonstrated spring bloom timing and CF to be correlated
(AW-13; C-09). Next I consider how well-correlated spring bloom timing and
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spring surface ΩA > 1 onset are to each other.
The spring bloom timing is subject to definition. In the SoG, previous estimates
from modeling studies and satellite observations have defined the bloom in terms
of both increases in phytoplankton concentration and decreases in surface nutrient
abundance (AW-13). The spring bloom signifies a transition between nutrientreplete and nutrient-limited surface conditions. I choose a definition based on this
transition: the time at which the surface NO−
3 is reduced below 15 µM for at least
1 day. The value of 15 µM is low enough to ensure that the reduction is biological,
and high enough to represent the onset of spring PP rather than the peak. I further
define the bloom magnitude as the peak chl a biomass within a 15 day window of
the bloom onset date.
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Figure 2.16: Spring ΩAsur > 1 onset versus spring bloom onset for all 432
experimental runs, colormapped by chl a biomass. The 1:1 line is also
pictured (solid black line).
There is a weak correlation between spring ΩAsur > 1 onset and spring bloom
timing (figure 2.16). The two quantities approach a 1:1 relationship, however when
low chl a values are excluded (< 10 mg chl a m−3 ), the spring ΩAsur > 1 onset pre47

cedes the spring bloom across all 432 sensitivity runs. This relationship indicates
that spring PP leads to surface aragonite supersaturation more rapidly than NO−
3
depletion. Furthermore, the constant threshold of NO−
3 depletion does not correlate strongly with the spring ΩAsur > 1 onset, and the relationship between ΩA and
NO−
3 consumption is likely more complicated.
The appearance of surface aragonite undersaturation during large freshets has
been addressed multiple times in this chapter. The strong correlation between summer ΩAsur < 1 duration and Qt was demonstrated in figure 2.13b. As increased Qt
reduces summer pH3m , it follows that increased Qt will reduce ΩAsur since pH influences the carbonate equilibrium. The strong correlation between summer ΩAsur < 1
duration and PPint that overlaps the correlation to Qt (figure 2.13b) supports the
connection to pH. However, it is equally plausible that freshwater dilution of DIC
(and thus CO2−
3 ) is reducing ΩAsur independently of pH. It is further possible that
freshwater dilution of Ca2+ is also reducing ΩAsur .
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Figure 2.17: 2010/2011 ratios of modeled Ca2+ (bold) and CO2−
3 (dash).
2+ diluted by
According to the definition of ΩA (equation 1.1), CO2−
3 and Ca

the same factor should contribute equally to reductions in ΩA . Model Ca2+ scales
linearly with S on the modeled range when changes in T are small (Riley and
Tongudai, 1967), however, pH (and therefore CO2−
3 ) does not (see chapter 3, figure 3.8). To examine the relative dilution of Ca2+ and CO2−
3 , I compute the ratios
of both quantities between a small freshet year (2010, ∼ 6, 000 m3 s−1 ) and a large
freshet year (2011, ∼ 11, 000 m3 s−1 ). Despite the non-linearities associated with
2+ and CO2− appear to be diluted approximately equally
CO2−
3 dilution, both Ca
3
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(∼ 3 fold) between the summers of 2010 and 2011 (figure 2.17). The change in
CO2−
3 may not be attributed solely to dilution, however, because of the reduction
in PP.
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Figure 2.18: Winter ΩAsur < 1 onset results from sensitivity experiment 1 versus observed U backaveraged 30 days from 13 Nov for (a) all runs,
(b) backaveraged Qt < 2, 500 m3 s−1 , (c) Qt < 2, 500 m3 s−1 and CF
< 0.75 and (d) Qt < 2, 500 m3 s−1 and CF > 0.75. Experimental runs
sharing the same U (e. g. the 2005 U record) are averaged and errorbars represent the standard deviation of each average. Linear regression is performed using the unaveraged experimental runs, and p is
determined from a Student’s t-test.
Winter surface aragonite undersaturation is a persistent feature of the model
(figure 2.5) and is supported by late October 2010 and December 2003 cruise data
(figure 2.8). The presence of a well-mixed water column and low PP make the
winter near-surface properties similar to those of the intermediate layer (i. e. 40 m
boundary conditions). While spring ΩAsur > 1 onset is well-correlated to CF, corre49

lations between the onset of winter ΩAsur < 1 and the three forcing quantities were
weak (< 0.2) across the sensitivity experiments (figure 2.13c).
The correlation between winter ΩA < 1 onset and U improves dramatically
(R2

2-fold) when runs with Qt > 2, 500 m3 s−1 are excluded (figure 2.18a and b).

The improvement in correlation indicates that increased fall U accelerates winter
ΩA < 1 onset, and that this relationship is complicated by strong fall freshwater
fluxes. Further separation by CF demonstrates the effect of CF on ΩA < 1 onset. At
low U and Qt , experiment 1 runs with CF < 0.75 produce average onsets 5 - 10 days
later than runs with CF > 0.75 (figure 2.18c and d). As the correlation between
spring CF and ΩA > 1 onset is linked to spring productivity, the fall correlations
between U, CF, and ΩA < 1 onset are most likely linked to fall productivity. Here
light limitation and removal of phytoplankton by mixing attenuate fall blooms thus
reducing surface ΩA , and just as in the spring relationship between pH3m and U,
enhanced DIC transport to the surface may be a possible driver of early winter
ΩA < 1 onset as well.
Seasonal summary
The onset of spring ΩAsur > 1 occurs sometime between mid-February and midMarch (day 45 to day 80, figure 2.16). Thinning of cloud cover between midJanuary and April determines the onset timing (figure 2.13a), which is driven by
PP but precedes the spring bloom timing (figure 2.16). This onset is the beginning
of a ΩAsur > 1 signal that persists until anywhere from the end of October to the
beginning of December, unless interrupted by large Qt (e. g. summers 2011 and
2012, figure 2.5).
Anticorrelation between pH3m and U begins to exceed the background winter
anticorrelation (R2 > 0.6) in mid-February, around the time of spring ΩAsur > 1 onset (thick red curve, figure 2.12b), although the variability of pH3m starts to increase
as early as the beginning of February (figure 2.12a). Increases in U drive decreases
in pH3m from mid-February through April, however, these decreases occur by predominantly different mechanisms depending on the time of year. From February
through March, wind relaxation allows PP to decrease the near-surface DIC concentration, increasing pH3m . Wind inhibition of PP is more strongly coupled than
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wind mixing to increases in near-surface DIC during this time. The role of wind
changes around the beginning of April. Since the strong vertical gradient of DIC
is already established in most model scenarios by the end of March, wind events
in April to mid-May increase the near-surface DIC primarily by mixing rather than
by supressing PP.
The variability of pH3m throughout the sensitivity experiments decreases in
late May (figure 2.12a), suggesting that none of U, Qt , or CF are strong drivers of
pH3m during that time. The variability of pH3m increases again in June and remains
high through mid-August (figure 2.12a). The anticorrelation between pH3m and
Qt increases during this time and reaches a maximum from mid-June to mid-July
(figure 2.12b). This summer relationship between pH3m and Qt is biologicallymediated, i. e. increases in Qt inhibit PP which in turn reduce pH3m . Since JuneJuly 2011 time-integrated ΦGPP
is only ∼ 37% of time-integrated ΦEN compared to
N
86% in summer 2010 (figure 2.15), N-limitation due to reduced upward entrainment is not likely. It is more likely that phytoplankton are either light-limited due
to river turbidity, advected out of the water column near the surface, or both.
During some summers when Qt is large, a period of ΩAsur < 1 occurs. The
duration of this period is strongly correlated with Qt (figure 2.13b). The concurrent
reduction of pH3m due to suppression of DIC uptake during large Qt suggests that
ΩAsur < 1 may also be a result of PP suppression by Qt . However, freshwater
dilution of both Ca2+ and CO32− are strong enough during large Qt to reduce ΩAsur
by as much as 3-fold (equation 1.1, figure 2.17), which is enough to create surface
undersaturation by dilution alone.
The variability of pH3m is weak from September through the remainder of the
year (figure 2.12a), indicating that U, Qt , and CF are not strong drivers of pH3m during this period. Variability of pH3m does increase slightly in late September, which
is consistent with a rise in anticorrelation between pH3m and U (figure 2.12b).
Winds and CF in mid-October determine the winter ΩAsur < 1 onset, bringing the
system once again back to a low pH, undersaturated, and well-mixed state.
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2.3.2

Spatial distribution

Fraser River
The summer relationships between Qt and pH3m (figure 2.12) and between Qt
and ΩAsur (figure 2.13) demonstrate the importance of Fraser River discharge on
the carbonate chemistry of the southern SoG. However, the spatial distribution of
freshwater during the freshet season is complicated by the variable position of the
Fraser River plume. Harrison et al. (1991) characterized freshwater in the southern
SoG as two plumes: a riverine plume and an estuarine plume, the latter representing the residual structure of the former after entraining deeper, higher-S water. Naturally, the estuarine plume covers a larger area than the riverine plume,
generally representing the surface SoG south of Texada Island (figure 2.1). The
riverine plume covers a more localized area bounded approximately by the sampling stations in figure 2.1 (lower panel). Riverine plume boundaries are typically
pronounced, characterized by fronts and positioned between regions of contrasting
vertical structure. Riverine plume location is driven by wind, tides, and the Coriolis force, and will vary at a given discharge with these processes. The model is
situated to represent either estuarine plume or riverine plume conditions depending
on Qt .
Summer anticorrelation between Qt and ΦPP
DIC is consistent with observed properties in the Fraser River plume region. Halverson and Pawlowicz (2013) estimated
the mean annual chl a maximum depth from ferry observations to be 3 m shallower
in the riverine plume than in the estuarine plume. They further estimated the mean
annual riverine plume depth-integrated phytoplankton biomass per area to be 6283% of that in the estuarine plume. Harrison et al. (1991) also found lower PP and
less DIN drawdown in the riverine plume relative to the estuarine plume during a
July 1987 cruise.
The degree to which the model represents the riverine plume versus the estuarine plume is determined by a light attenuation parameterization with a threshold Qt of ∼7,240 m−3 s−1 (C-09). Model outputs for 2011 and 2012, both large
(> 11,000 m−3 s−1 ) freshet years, demonstrate shallow chl a maximum depths with
chl a nearly absent below 5 m. These results are consistent with riverine plume con-
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ditions. By contrast, model runs for 2009 and 2010, both smaller (< 7,000 m−3 s−1 )
freshet years, had pronounced chl a maximum depths just shallow of 10 m during
the summer freshet. Despite a critical Qt threshold that causes the model to switch
between estuarine plume conditions and riverine plume conditions, the relationships between Qt and pH3m and ΩAsur are gradual and support freshwater impacts
on carbonate chemistry at both ends of the discharge spectrum. Whether the model
is in the riverine plume or the estuarine plume, the summer sensitivity results hold
for both areas. Nevertheless, the freshwater impacts on summer carbonate chemistry demonstrated by the sensitivity studies are likely to become less important
with decreasing proximity to the riverine plume.
Other basins and passages
The Fraser River discharges into the southern reach of the southern SoG basin. The
southern basin extends to ∼100 km northwest of the rivermouth to Texada Island,
where it joins the northern basin (figure 2.1a). Summer stratification due to the
Fraser River is important throughout the southern and northern basins for maintaining high primary productivity (Masson and Peña, 2009). However, during the
summer the Fraser River plume appears to inhibit PP in the model. This inhibition
is likely due at least in part to light limitation from high turbidity near the river
plume, and may weaken with decreasing proximity to the river mouth. Weakening
of the inhibition of PP to the north of the plume is evident in recent observations.
Mean annual chl a biomass is highest in the southern SoG basin west of 123◦ 30’
W, and in the northern basin to the west of Texada Island despite decreasing stratification (figure 2.1a; Masson and Peña, 2009). Water column carbonate chemistry
is similar for both basins in winter (pH ∼ 7.8 and ΩA < 1 in the surface, respectively), however, surface pH and ΩA vary throughout the SoG during summer when
Qt is large (D. Ianson, manuscript in preparation, 2014). Surface pH and ΩA near
the plume (S < 20) are low (∼ 7.9 to 8.2 and ∼ 0.4 to 0.9, respectively) relative
to the rest of the SoG. In the southern basin north of the plume, surface pH and
ΩA are higher (∼ 8.2 and ∼ 1.8, respectively) and the ΩA = 1 horizon is present at
about 20 m. The highest observations of surface pH and ΩA are found in the northern basin, but the variability there is also highest (∼ 7.9 to 8.7 and ∼ 1.0 to 4.3,
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respectively). Summer surface pH and ΩA do appear to increase from the Fraser
River plume region to the northern basin, supporting a reduction in the negative
influence of Qt on PP. However, highly variable observations in the northern basin
point to the existence of additional mechanisms that control pH and ΩA that are not
as strong in the southern basin.
In the spring, wind appears to be the dominant driver of near-surface pH in the
southern basin, and surface ΩA appears to be connected to wind-influenced PP. U
is strong throughout the SoG in winter, although instantaneous winds are variable
between the northern and southern reaches of the southern basin. One feature of the
southern reach that is absent from the north is the Squamish wind: a gap wind that
is funneled from the northern Canadian interior through narrow topography and
arrives, often as a northerly gale, through Howe Sound (Thomson, 1981). Strong
wind events could delay spring PP in the southern reach while allowing earlier PP
to the north. An analysis of satellite imagery by Gower et al. (2013) has provided
evidence that spring blooms are often ‘seeded’ by smaller blooms in the northern
inlets, particularly Malaspina Inlet. However, Gower et al. (2013) also find evidence of elevated chl a near the Fraser River plume during some spring blooms,
which is consistent with the location of maximum spring stratification in the SoG
(Masson and Peña, 2009). A proper climatology of winter winds in the SoG has
not been published. However, if winter winds are stronger in the southern reach
relative to the rest of the SoG, they may occur with a stronger freshwater stratifying
effect due to the proximity of the Fraser River. Stronger wind in the southern SoG
would then be accompanied by a water column that is more difficult to mix. Winds
might be weaker to the north but the water column would be mixed more easily.
In the shallow passages that connect the SoG to its neighboring basins, tides
replace wind as the dominant driver of vertical mixing. Neither wind nor freshwater have a strong effect on stratification in these regions, which remains low
year-round. Masson and Peña (2009) found mean annual chl a levels to the south
in Haro and Rosario Straits, and to the north near Johnstone Strait to be less than
half of those observed in the southern SoG basin. It follows that surface pH and
ΩA would be persistently lower in those passages relative to the SoG throughout
most of the year, except in winter. Surface pH and ΩA observations are lower in
Haro Strait than in the SoG (7.8 to 7.9 and 1.0 to 1.8, respectively), except near the
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Fraser River plume where low surface ΩA (0.4 to 0.9) is driven by freshwater Ca2+
and CO2−
3 dilution (D. Ianson, manuscript in preparation, 2014). Because wind and
freshwater have a lesser impact on stratification and vertical mixing in these passages, their effects on surface pH and ΩA are likely reduced as well. One exception
may be during peak discharge on neap tides when freshwater pulses pass through
Haro and Rosario Straits relatively unmixed (Masson and Cummins, 2004). These
pulses could carry surface properties from the southern SoG, and thus communicate the effect of freshwater on pH and ΩA in the SoG to the south through Haro
Strait and into the Strait of Juan de Fuca and Puget Sound.

2.3.3

Comparison to other regions

The model results are generally consistent with 2008 observations in Puget Sound.
Feely et al. (2010) observed a well-mixed water column in February 2008 in the
central basin of Puget Sound that was entirely undersaturated with respect to aragonite. Summer surface pH observations in Puget Sound ranged from 7.77 to 8.25.
The lower values tended to occur over shallow tidal mixing zones in Admiralty
Inlet, analogous to the tidal mixing and low surface pH observed in Haro Strait
(Masson and Peña, 2009; D. Ianson, manuscript in preparation, 2014). Water below 50 m in Puget Sound was not entirely undersaturated with respect to aragonite
in August 2008, and these higher deep ΩA values may represent a fundamental
difference between Puget Sound and the SoG.
The strong seasonal cycles of pH and ΩA found in this study and in Feely
et al. (2010) appear to be unique to the semi-enclosed waters of the SoG and Puget
Sound relative to the Juan de Fuca Strait and the North American continental margins. Unlike the SoG, winter surface pH in Juan de Fuca Strait is higher than in
summer, and the winter ΩA = 1 horizon is significantly deeper than in summer (D.
Ianson, manuscript in preparation, 2014). Surface pCO2 values measured from
underway sampling systems in the Strait of Juan de Fuca between 2005 and 2011
were supersaturated with respect to the atmospheric concentration year-round except in April (Evans et al., 2012). Low surface pH and ΩA and supersaturated
pCO2 in the Strait of Juan de Fuca reflect a year-round, weak stratification due to
tidal mixing near the basin head, and a resulting lack of PP (Masson and Peña,
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2009).
On the west coast of Vancouver Island, surface nutrients are supplied yearround by the Vancouver Island Coastal Current (VICC) which is fed by the buoyancydriven estuarine outflow from Juan de Fuca Strait. Bianucci et al. (2011) determined that nutrients in the VICC are responsible for enhanced PP over the shelf
that increases the upward vertical flux of DIC and alleviates ΩA < 1 in the lower
water column. Undersaturated surface pCO2 with respect to the atmospheric concentration in spring and summer (Evans et al., 2012; Ianson and Allen, 2002) is
consistent with the seasonal biological signal in the SoG, however periods of nearshore pCO2 supersaturation particularly near the Juan de Fuca canyon are evidence
of the summer upwelling signal (Ianson and Allen, 2002).
In the California Current System (CCS), a modeling study by Hauri et al.
(2013) found monthly means of surface pH for 2011 to range from 7.85 to 8.15 and
monthly means of surface ΩA for 2011 to range from 1.5 to 2.3. These ranges are
similar to modeled surface pH and ΩA in the southern SoG during March through
November, however the seasonal cycle in surface pH and ΩA in the CCS was much
different than the results for the SoG. The lowest surface pH and ΩA values occurred in May through September, which is consistent with seasonal upwelling,
despite PP over the shelf. The only exception was a temperature-driven surface ΩA
maximum in the Southern California Bight during August through October.
Water-column undersaturation with respect to aragonite in winter is a particularly striking feature of the SoG that is not observed in the Juan de Fuca Strait,
the west coast of Vancouver Island, or the CCS, although periodic surface ΩA < 1
has been reported north of Cape Mendocino (Feely et al., 2008; Hauri et al., 2013).
In the Strait of Juan de Fuca, the ΩA = 1 horizon can be as shallow as 8 m in the
summer but has not been observed to reach the surface. The mean winter ΩA = 1
horizon depth of 50 to 60 m in the Strait of Juan de Fuca is a strong contrast to the
surface ΩA < 1 in the SoG (D. Ianson, manuscript in preparation, 2014). On the
west coast of Vancouver Island, Bianucci et al. (2011) did not find ΩA < 1 over the
shelf when the VICC was present, and only removing the current from the model
led to ΩA < 1 near the sediments. Aragonite undersaturation is not absent from
the Vancouver Island shelf, however, as ΩA data calculated from T and dissolved
oxygen demonstrate a 40% annual probability of encountering ΩA < 1 in the top
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60 m (Ianson, 2013). Periods of surface ΩA < 1 in the CSS are geographically
isolated and associated with the strongest upwelling events (i. e. summer; Feely
et al., 2008; Hauri et al., 2013).
The location and relative isolation of the SoG with respect to coastal processes (e. g. upwelling and advection) combined with the strong local forcing
from wind and river discharge are likely responsible for the carbon cycle extremes,
particularly surface ΩA < 1 that occur there. The isolation from coastal advective
processes and longer residence times (Pawlowicz et al., 2007), particularly in the
deep basins, allow local biological carbon fluxes to accumulate (Johannessen et al.,
2008), amplifying sources of deep DIC. Local physical processes then drive an amplified seasonal cycle of pH and ΩA relative to the Strait of Juan de Fuca and the
continental shelf.

2.3.4

Limitations

There are three primary limitations of the model used in this study. The first, residual over-productivity of phytoplankton, is clear from the model evaluation against
observations (section 2.2.2). The second is the river flow parameterization, which
is determined by the flow record of only two rivers and TA and pH observations
from only the Fraser River. The third is the limited-depth, 1-D model domain,
which parameterizes deeper processes as boundary conditions instead of resolving
them.
Despite rigorous tuning of a variety of parameters to the 4-year STRATOGEM
dataset (appendix B), the model remains slightly overproductive during the sum−
mer as indicated by surface NO−
3 depletion (figure 2.6c). This excess NO3 uptake

is coupled to DIC uptake that may cause the model to overestimate pH and ΩA
by as much as 0.27 and 1.1, respectively (figure 2.8c and d). Despite this limitation within the biological model, pH and ΩA were not severely underestimated
during any of the experimental runs, and only low model estimates of pH and ΩA
would generally be interpreted as unfavorable to marine calcifiers like shellfish
(e. g. Kroeker et al., 2010). Thus this limitation does not produce unrealistically
alarming results, but instead serves as a best case scenario.
With the exception of the nutrient-limited, non-Redfield DIC uptake term, DIC
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uptake and remineralization proceed in the model according to the Redfield ratio.
However, the simple non-Redfield DIC parameterization employed here may not
be sufficient to reproduce the actual uptake ratios observed in the Strait of Georgia.
Ianson et al. (2003) estimate uptake ratio uncertainties of ±100% for the west coast
of Vancouver Island. I did not investigate the effects of tuning this parameterization, however, since summer, near-surface model DIC is already deficient relative
to summer observations it is unlikely that increasing the strength of the excess DIC
uptake would improve the accuracy of model pH and ΩA .
Although the Fraser River drainage basin is the largest source of freshwater to
the SoG, there are at least 7 other regional drainage basins flowing into the SoG
as well (Morrison et al., 2012). While the drainage of these basins is small relative to the Fraser, they may exert strong influence during the winter with increased
precipitation or even during the summer as plumes migrate. I have attempted to
account for the influence of these drainage basins by selecting one river (Englishman) draining South Vancouver Island as a proxy. However, there are at least three
characteristic streamflow regimes observed in rivers in the SoG and rivers within
one regime can demonstrate characteristics of another (Halverson and Fleming,
2014). Furthermore, the lack of availability of carbonate chemistry data in other
SoG rivers forces me to base the DIC and TA contributions from those rivers on
data primarily from the Fraser River. Unlike the Fraser watershed which contains
a significant carbonate weathering source, the smaller watersheds draining to the
SoG are composed of primarily younger, Si-rich volcanic rock and are likely lower
in TA (chapter 3).
The model parameterizes all processes below 40 m as boundary conditions.
These boundary conditions are fit to observations at 40 m and thus allow the model
to reproduce observations in the near-surface. However, the relative importance of
DIC sources below 40 m remains unclear. DIC of upwelling origin is the dominant
driver of low pH and ΩA observations in the California Current region (Feely et al.,
2008), however DIC-rich water entering the SoG through Juan de Fuca Strait is
actually DIC-poor relative to SoG intermediate water on the same dnsity surfaces
(D. Ianson, manuscript in preparation, 2014). Without resolving these deeper processes the SoG more explicitly, it is difficult to draw quantitative conclusions about
long term trends in SoG carbonate chemistry.
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Chapter 3

Freshwater analysis
3.1

Introduction

The pH of an estuarine system can be strongly affected by the carbonate chemistry
of its freshwater sources. While this concept may seem intuitive for variations in
freshwater pH, variations in freshwater dissolved inorganic carbon (DIC) and total
alkalinity (TA) at constant freshwater pH can also produce large changes in estuarine pH (Mook and Koene, 1975; de Mora, 1983; Whitfield and Turner, 1986; Hofmann et al., 2009). In temperate rivers, DIC, TA and pH are seldom constant over
seasonal timescales. Riverine TA is primarily a product of chemical weathering.
Since weathering is generally kinetic-limited (e. g. Fraser River, Voss et al., 2014),
variations in TA generally arise due to dilution (via precipitation and snowmelt) or
the confluence of tributaries. Seasonal changes in DIC and pH can be driven by
primary productivity and remineralization of terrestrial dissolved organic matter
(DOM; Wallin et al., 2010).
Of the freshwater sources to the Strait of Georgia (SoG), the Fraser River is
the largest, contributing ∼77% of the annual total freshwater runoff and ∼ 55 to
60% between December and May (Waldichuk, 1957). The Fraser has been studied
previously with respect to dissolved and suspended constituents, many of which
contribute to TA (de Mora, 1983; Voss et al., 2014; Cameron et al., 1995; Cameron,
1996; Whitfield, 1983; Whitfield and Schreier, 1981). de Mora (1983) observed
TA and pH in the Fraser River and in the SoG near the Fraser River mouth to vary
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Figure 3.1: Maps of (a) the Fraser River watershed with geologic belts
(Wheeler et al., 1991) and Voss et al. (2014) sampling sites, and (b)
the Fraser Valley and estuary with Voss et al. (2014) and Environment
Canada (EC, 23-25) sampling sites and the model site. Hope (7) and the
Chilliwack River (21) are locations of EC river gauging.
seasonally by as much as 500 µeq kg−1 and 0.5 pH units, respectively below a
salinity (S) of 10. These fluctuations are on the order of the seasonal variability in
the surface SoG presented in chapter 2.
The Fraser River follows its main course ∼1,375 km from the headwaters to

60

the estuary directly south of the city of Vancouver and drains ∼238,000 km2 or
25% of mainland British Columbia by area (figure 3.1). The Fraser flows from its
headwaters in the Rocky Mountains near the Alberta border to the northwest, joining with the Bowron and McGregor Rivers (figure 3.1-11,12), and then abruptly
turns south where it joins the Nechako River (figure 3.1-14). From the Nechako
River confluence, the Fraser River flows south for ∼700 km joining several tributaries and cutting its way into the narrow Fraser Canyon near the confluence with
the Chilcotin River (figure 3.1-17). The Fraser joins its principle tributary (figure 3.1-19), the Thompson River, along the canyon, and turns west at the town of
Hope (figure 3.1-7) and into the Fraser Valley alluvial plain. The Fraser estuary is
considered to begin near the city of New Westminster (figure 3.1-9), although the
seaward tip of Annacis Island (figure 3.1-23) is the farthest upstream that the salt
wedge has been observed.
Along its course, the Fraser River passes through four geologic belts: the Foreland, Omineca, Intermontaine, and Coast belts in order from east to west and by
age. The four belts represent 6%, 22%, 58%, and 14% of the Fraser Basin by area,
respectively (Cameron and Hattori, 1997). The Foreland belt, which encompasses
the Fraser headwaters and borders the first ∼ 500 km of the river, is composed primarily of carbonate-rich sedimentary rock while the other three belts have strong
components of silicate-rich mantle and crustal igneous rocks (Cameron and Hattori, 1997). Ca/Na and Mg/Na ratios throughout the river demonstrate a characteristic mixing line between carbonate weathering and silicate weather endmembers,
with a shift to silicate weathering beginning downstream of the McGregor River
(Voss et al., 2014). Fraser River TA is dominated by carbonate alkalinity (CA),
and thus carbonate weathering in the Foreland Belt is the primary source of TA to
the river (Voss et al., 2014).
Despite hydroelectric projects along select tributaries (e. g. Nechako and Bridge
Rivers), the main river course remains undammed. With the exception of Moose
Lake near the headwaters (figure 3.1-1), the river flows unrestricted to the SoG. The
lack of dams and lakes along the river and the cold winter climate of the mountainous basin produce a strong seasonality to the drainage volume of the river.
Background flow is low (500 to 2,500 m3 s−1 ) in winter and increases to peak
flow (4,000 to 15,000 m3 s−1 ) marked by a characteristic freshet occurring typi61
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Figure 3.2: Hydrographs showing mean (solid black), standard deviation
(dark gray) and minimum/maximum (light gray) observed discharge for
(a) the Fraser River at Hope, BC and (b) the Chilliwack River at Chilliwack, BC over the 1913-2013 Environment Canada (EC) daily record
(http://wateroffice.ec.gc.ca).
cally in June (figure 3.2a). Flow has been historically gauged at Hope, however
downstream tributaries (e. g. the Chilliwack, Harrison, and Pitt Rivers, figure 3.121,20,22) can make significant contributions to flow along this ∼ 150 km path to
the estuary (e. g. Chilliwack, figure 3.2b). Pawlowicz et al. (2007) estimated flow
at Port Mann (figure 3.1-9) near the mouth to be ∼ 20% higher than at Hope during
the summer freshet and as much as double during winter when rainfall contributions are large.
Currently available observations and literature estimates of Fraser River TA
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and pH are either insufficient or too inconsistent to provide a seasonal summary of
carbonate chemistry near the mouth. While several studies in the Fraser River report TA and pH measurements (Voss et al., 2014; Cameron et al., 1995; Cameron,
1996), de Mora (1983) has been the only study to discuss the two quantities in
detail. However, this discussion focuses primarily on freshwater/seawater mixing and does not elaborate on the variability of freshwater TA and pH, of which
only four sampling dates are presented. TA measurements reported in other studies are generally consistent to within the variability observed by de Mora (1983),
however, pH throughout the river is severely underestimated (< 7.0) by Cameron
et al. (1995) relative to the other studies. Unpublished TA and pH monitoring programs in the Fraser River also exist; both quantities were sampled semi-monthly
by Environment Canada at Hope between 1979 and 1999 (table 3.1). However,
DIC sampling overlapped TA and pH in 1998, and pH calculated from DIC and
TA using CO2SYS and the Millero (1979) freshwater K1 and K2 constants does
not reproduce the observed pH (error > 1.0 units), indicating significant error in
one or more of the three observed quantities. DIC observations in the Fraser River
are generally scarce - the most comprehensive DIC sampling program to date was
carried out by Environment Canada at Hope between 1998 and 2006. The lack of
robust DIC datasets and the high sensitivity of the carbonate system equilibrium to
DIC make TA and pH more reliable indicators of river carbonate chemsitry.
In order to fully describe the seasonal variability of TA and pH of river water
entering the estuary, an analysis of accurate, higher frequency datasets is needed.
However, inherent uncertainties associated with measuring TA and pH in estuarine
environments will complicate such an analysis. An ideal study would use multiple datasets to provide a range of variability with which to bound the uncertainty
in each measurement. The aims of this chapter are to (1) identify the range and
variability of TA and pH in the Fraser River freshwater contribution to the SoG
using data from recent sampling programs, (2) assess the sensitivity of southern
surface SoG pH and ΩA to (1) using the model described in chapter 2, and (3) determine realistic parametrizations of freshwater pH and TA for use in the chapter 2
modeling study based on the outcome of (2). Assessing SoG surface pH and ΩA
sensitivity to freshwater TA and pH is essential to providing error estimates for the
model, and those estimates are included in the outcomes of this chapter. I base my
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analysis on observations from the Fraser River since it is the largest contributor of
freshwater by volume to the southern SoG year-round, and is the most extensively
sampled with respect to TA and pH. I have chosen to focus this analysis on TA and
pH rather than DIC as the two former quantities are more consistently sampled in
the lower Fraser River and more robust carbonate system metrics.

3.2
3.2.1

Data
Sources

There are three published studies that report TA and pH in the Fraser River and
Fraser estuary (de Mora, 1983; Cameron et al., 1995; Cameron, 1996) and one additional study that reports TA only (Voss et al., 2014). While the spatial coverage
of these studies is rich (headwaters to Vancouver in Voss et al. (2014), Cameron
et al. (1995) and Cameron (1996); Vancouver to SoG in de Mora (1983); figure 3.1), the temporal coverage is poor (maximum four sampling dates), although
Cameron (1996) does provide five-year averages from a higher frequency Environment Canada dataset.
The present study makes use of data from several sampling programs in the
Fraser River and southern SoG in addition to the literature studies. TA datasets
from monitoring programs at Hope, BC (EC Hope) and in the Fraser estuary (EC
estuary) along the north and main arms were acquired from Environment Canada
along with hourly pH data at a mooring in the Fraser estuary (EC buoy; table 3.1).
TA measurements in the Fraser estuary and the southern SoG were obtained from
a published study by researchers at the University of British Columbia (UBC estuary), and from several cruises conducted by Fisheries and Oceans Canada at the
Institute of Ocean Sciences (IOS estuary, IOS carbon; table 3.1).

3.2.2

Uncertainty

The purpose of measuring TA as a carbonate system variable is ultimately to estimate CA. In seawater, TA is defined in terms of the proton donors and acceptors
(including CA) present in high enough concentrations to influence the result beyond the precision limit (Dickson, 1981). Most species are easily measured or
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Dataset
EC Hope∗
EC estuary∗

Location(s)
49.387 N 121.451 W
49.202 N 123.122 W
49.147 N 123.033 W

EC buoy∗
49.148 N 123.039 W
UBC estuary∗∗ Fraser and SoG
see de Mora, 1981

Years
Frequency
Qty Method
1979 - 1999 semi-monthly TA Environment Canada, 2006
2004 - 2009 semi-monthly TA Environment Canada, 2006
2008 - 2013 hourly
1978 - 1979 seasonal

pH Ethier and Bedard, 2007
TA de Mora, 1983

IOS estuary†

49.165 N 123.547 W - 2010
twice
TA Dickson et al., 2007
49.113 N 123.277 W
IOS carbon‡ see chapter 2, table 2.1 2010 - 2012 seasonal
TA Dickson et al., 2007
∗ Environment Canada (http://aquatic.pyr.ec.gc.ca/webdataonlinenational/)
∗∗ de Mora, 1981
† R. W. MacDonald and S. Johannessen, pers. com., 2014
‡ D. Ianson, manuscript in preparation, 2014

Table 3.1: Datasets used to assess the range and variability of freshwater TA
and pH near the Fraser River estuary.
approximated (Lewis and Wallace, 1998), leaving CA to be calculated as an unknown. In many freshwater systems, dissolved constituents disregarded by the
Dickson (1981) TA definition, especially organics which are difficult to measure,
occur in high enough concentrations to significantly increase or reduce the TA
(Hunt et al., 2011). Unknown organics have been shown to influence TA in coastal
zones as well, particularly during strong phytoplankton bloom conditions (Koeve
and Oschlies, 2012; Kim and Lee, 2009; Hernández-Ayón et al., 2007; Cai et al.,
1998). The presence of these unknown, possibly organic, contributions to TA introduces uncertainty to the CA estimate of coastal/estuarine systems like the Fraser
estuary and SoG.
It was mentioned earlier that pH calculated from 1998 observations of DIC and
TA (CO2SYS; Millero, 1979) at Hope, BC (EC Hope, table 3.1) failed to reproduce observed pH. The inconsistencies between DIC, TA, and pH observations in
the EC Hope dataset could be partially explained by inaccurate CA estimates due
to the presence of unknown, possibly organic, river constituents. However, error
could also be introduced during sample treatment as chemical preservation is not
specified in the standard operating procedures for DIC and TA sample collection
(Environment Canada, 2005, 2006). Chemical preservation using HgCl2 has be-
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come an oceanographic standard with respect to DIC and TA sampling (e. g. Dickson et al., 2007; Dickson and Goyet, 1994) in order to restrict biological processes
from influencing the two quantities after the sample is taken.
Measurements of Fraser River pH are also problematic in the literature. Cameron
et al. (1995) calculated pCO2 values throughout the river basin to be > 5, 000 ppm
using potentiometric pH observations from a 1993 study. However, these pH values are consistently low, as much as 0.5 pH units less than the 5 year averages
reported by Cameron (1996). Nearly all pH measurements from the Fraser River
are potentiometric. It has been argued that precision of potentiometric pH measurements is generally strong enough for estuarine work (0.01 units; Dickson, 1993),
however the instability of the liquid-junction potential makes these measurements
inherently uncertain (Covington et al., 1983) and accuracy can be easily compromised by instrument drift (UNESCO, 1988). Additionally, accurate measurements
require calibration in buffers of a similar ionic strength, and if the ionic strength
of the in situ medium changes, measurements can become less accurate (Dickson,
1993).
Despite inconsistent methods and potentially large uncertainty associated with
the described datasets (table 3.1), I assume that a comprehensive analysis of the
available data will produce a range of plausible scenarios for each of the two quantities in the Fraser River outflow. I further assume that realistic scenarios for each
quantity will lie within that range. The sensitivity of the SoG carbonate chemistry to the prescribed range will determine how important these uncertainties are
in defining the SoG freshwater chemistry for the model in chapter 2.

3.2.3

Analysis

Data from Voss et al. (2014) demonstrate the variability of TA throughout the
Fraser River basin across three different flow regimes (figure 3.3). TA accumulates along the main course from the headwaters to Hansard near the confluences
with the McGregor and Bowron rivers (∼ 450 km downstream, figure 3.1). October
2010 sampling indicates a gradual decrease in TA downstream of Hansard toward
the estuary, which is consistent with a shift between carbonate and silicate weathering (Voss et al., 2014). However, this decrease is not observed during summer
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sampling when flow stage is higher. TA in the Fraser River decreases with increasing discharge between the low and mid-stage flow regimes (figure 3.3a). Large
decreases in TA with discharge are also evident in the Bowron, McGregor, Willow,
Blackwater, and Bridge Rivers while most of the remaining tributaries maintain
approximately constant TA (figure 3.3b). TA appears to increase significantly with
discharge in only two of the tributaries (Robson and Chilcotin Rivers) and only
between mid and high-stage flow.
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Figure 3.3: TA at various locations (a) along the Fraser River and (b) in
select Fraser River tribuaries (figure 3.1) sampled at low-stage flow
(1719 m3 s−1 ) between 14 to 27 October 2010 (black), mid-stage flow
(3616 m3 s−1 ) between 28 July to 13 August 2009 (gray), and highstage flow (9040 m3 s−1 ) between 26 May to 7 June 2011 (white).
TA data are from Voss et al. (2014). Fraser River flow is calculated
from Environment Canada observations at the Hope, BC gauging station (http://www.wateroffice.ec.gc.ca).
A seasonal pattern in Fraser River TA can be observed in the EC Hope dataset
(figure 3.4a). The seasonal pattern in the estuary is less clear (figure 3.4b), but the
variability is still large (∼700 to 1150 µmol kg−1 ). TA differences between the
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Figure 3.4: Timeseries of Fraser River TA at (a) Hope, BC (EC Hope) and
(b) the Fraser Estuary (EC estuary) and (c) Fraser River pH at the
Environment Canada Water Quality Buoy in the Fraser estuary (EC
buoy). White/gray patches span the duration between two consecutive freshets as recorded at Hope, BC (Environment Canada, http:
//www.wateroffice.ec.gc.ca). Date ranges differ between the
three subplots. Errorbars in (b) represent standard error across replicates
(n = 5 before 1 August 2007, n = 2 after). Daily pH values in (c) are
binned from hourly data with a mean standard deviation of ∼ 0.04. Details regarding each dataset are provided in table 3.1.
estuary and Hope (∼200 µmol kg−1 ) are on the order of the change between Hope
and the upstream stations observed in the Voss et al. (2014) data (figure 3.3a). However, the reach between Hope and the estuary is far downstream of the general shift
to silicate weathering identified by Voss et al. (2014). Instead, local processes are
likely responsible for either removing or diluting TA. River confluences seaward
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of Hope may reduce TA through dilution, especially considering the large (17%
to 50%) seasonal flow contributions of downstream tributaries (Pawlowicz et al.,
2007). Observations of TA in the lower tributaries are sparse, however the Pitt
River demonstrated markedly low TA (< 100 µeq L−1 ) between 26 May and 6 July
2011 (Voss et al., 2014; figure 3.3). The Fraser River is rich in suspended sediments
(Whitfield and Schreier, 1981), many of which could contribute to TA by cation exchange of TA constituents at charged sites on particulate surfaces (Kennedy, 1965).
de Mora (1983) suggested that settling of these sediments may remove TA near the
Fraser River mouth. Sedimentation is also likely seaward of Hope since the river
has lost most of its elevation by that point, and thus sedimentation may remove
TA between Hope and the estuary. Precipitation of CaCO3 may be responsible for
removing carbonate in systems with a high Ω, however, this process is unlikely in
the Fraser River since Ω is low throughout (de Mora, 1983).
A third freshwater TA timeseries can be constructed from the IOS carbon, IOS
estuary and UBC estuary datasets that cover the Fraser estuary and nearby SoG
regions (S > 0) by extrapolating the S = 0 TA endmember from each cruise (figure 3.5). For this analysis I only consider cruises that have at least one TA sample
below S = 20. Each extrapolated endmember is an estimate of the combined TA
from all of the freshwater sources to the sampling area, but because of its close
proximity and magnitude the Fraser River likely still dominates the signal. The
set of ten extrapolated endmembers range from ∼550 to 1150 µeq kg−1 which is
lower than the EC Hope data range but near the EC estuary data range. Strong,
non-conservative TA behavior at low S was observed in four of the five cruises
from the UBC estuary dataset (de Mora, 1983), suggesting that extrapolated freshwater TA may underestimate true freshwater TA. Since it is not clear whether this
non-conservative behavior is associated with the CA or organic component of TA,
I use the extrapolated endmembers for this analysis and consider TA to be approximately conservative in the UBC estuary, IOS carbon, and IOS estuary datasets.
pH at the Environment Canada mooring in the Fraser estuary (EC Buoy) varies
seasonally (figure 3.4c). There is no relationship between buoy pH and conductivity (data not shown) which suggests that the seasonal pattern is an attribute of
the river and not an influence of the southern SoG during weak discharge or strong
tides. Buoy pH demonstrates a weakly hyperbolic relationship to river discharge
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Figure 3.5: TA versus S regressions from observations on several cruises in
the southern SoG and Fraser River estuary. Cruise ID numbers begin
with the year of sampling. Cruises prior to 2000 are from the UBC estuary dataset, 2010 cruises are from the IOS estuary dataset, and cruises
post-2010 are from the IOS carbon dataset (table 3.1). Each cruise plotted contains at least one datapoint at S < 20. Observations at S = 0
generally deviate from conservative behavior (e. g. de Mora, 1983) and
are excluded from these regressions.
calculated at Port Mann. However, the weak correlation suggests that pH variability in the lower Fraser River is primarily due to local processes that influence DIC.
Primary productivity, specifically, would be a classic driver of such variability, and
the cycle of buoy pH is consistent with the biologically-driven cycle modeled in
chapter 2 (e. g. low in winter, high in summer). The buoy pH data demonstrate a
mean of ∼7.7 with a 0.17 unit standard deviation and approximate 95% confidence
intervals at 7.4 and 8.0.
The Voss et al. (2014) data suggest that flow rate is the dominant driver of
changes in Fraser River TA. Voss et al. (2014) also observed significant anticorrelations to discharge for several elements in the Fraser River (Ca, Mg, Na, Cl,
K, Sr, Ba, also SO2−
4 ) that they sampled more frequently than TA. They found
a rapid decline in concentration of each constituent with discharge near base flow
relative to peak flow in these relationships consistent with primarily kinetic-limited
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Figure 3.6: TA versus 15-day backaveraged parameterized total discharge
(Qt , section 2.1.4) for (a) Hope, BC (EC Hope, table 3.1), (b) the Fraser
estuary (EC estuary, table 3.1), and (c) the SoG (extrapolated to S = 0,
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(n = 5 before 1 August 2007, n = 2 after). Errorbars in (c) represent
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standard error across replicates (n = 2).
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weathering followed by modest dilution. These observed relationships and the TA
data in figure 3.3 suggest that chemical weathering rates of TA in the Fraser Basin
are likely flow-dependent with higher rates associated with low base flow levels.
However, relationships to discharge are not always clear, even in the presence of
an overall significant correlation. Variability due to hysteresis, or a lag in tracer
flux that produces differing discharge relationships between rising and falling flow
stages, can complicate the relationship to discharge for some river constituents,
as demonstrated by Voss et al. (2014) for PO3−
4 and SiO2 and by Whitfield and
Schreier (1981) for sediment concentration.
The EC Hope and EC estuary TA datasets and the ten extrapolated freshwater TA datapoints demonstrate significant negative correlations to discharge (figure 3.6) similar to those observed for Ca, Mg, Na, Cl, K, Sr, Ba, and SO2−
4 by
Voss et al. (2014). The EC Hope data are best described by a power fit with the
low discharge tail removed (figure 3.6a) and the EC estuary data are best described
by a linear function (figure 3.6b). Interestingly, the extrapolated freshwater TA
values increase with discharge when Qt > 7, 000 m3 s−1 , and are best described
by a second order polynomial with the tails removed (figure 3.6c). These regressions provide a high-resolution summary of the seasonal variability and extremes
of Fraser River TA downstream of Hope, and their shapes are consistent with
the kinetic-limited weathering and dilution mechanisms identified by Voss et al.
(2014). The three regressions demonstrate a total freshwater TA range of ∼500 to
1,350 µeq kg−1 .

3.3
3.3.1

Sensitivity
Scenarios

Freshwater TA
The ranges of freshwater TA and pH and the potential relationships between TA
variability and discharge established from the described datasets (table 3.1) provide
the basis for a set of reasonable scenarios with which to test the sensitivity of
surface SoG pH and ΩA . As seasonal variations in freshwater TA are apparent
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from the available data (figure 3.4), I use the regressions between the EC Hope, EC
estuary, and extrapolated freshwater TA datasets and discharge (figure 3.6) as the
three flow-dependent freshwater TA scenarios (table 3.2). However, SoG surface
pH and ΩA may not be as strongly sensitive to the seasonality of freshwater TA
as they are to the overall mean value. To test this case, I use constant freshwater
TA scenarios in addition to the flow-dependent scenarios. I propose the minimum
and maximum observed freshwater TA values, 500 µeq L−1 and 1,350 µeq L−1
respectively (figure 3.6a and b), and the mean value from the EC estuary dataset
(870 µeq L−1 , figure 3.6c) as an additional three plausible constant freshwater TA
scenarios for a total of six scenarios (table 3.2).
1
2
3
4
5
6

Scenario
TA f resh (µeq kg−1 )
Qt limit
Minimum
500
Quadratic 125000Q2t − 0.1653Qt + 1116.0 > 11, 000
Linear
−0.0241Qt + 932.5
Mean
870
Power
3454.4Q−0.1571
< 400
t
Maximum
1350

Dataset(s)
UBC estuary, IOS estuary, IOS carbon
UBC estuary, IOS estuary, IOS carbon
EC estuary
EC estuary
EC Hope
EC Hope

Table 3.2: SoG freshwater TA scenarios based on fits between Fraser River
and SoG TA data and 15-day backaveraged total parameterized freshwater discharge, Qt (figure 3.6). The Qt limit designates the range of Qt (m3
s−1 ) where the scenario is invalid. TA f resh from the closest end of the
valid Qt range is used when the invalid range is reached.

Freshwater pH
The EC buoy pH data follow a seasonal pattern (figure 3.4c). However, since they
do not demonstrate a significant correlation to discharge, I only consider constant
freshwater pH scenarios for the southern SoG, and use the approximate 95% confidence intervals of the buoy pH to represent the range of seasonal variability. I
propose low (7.4), medium (7.7), and high (8.0) freshwater pH scenarios, where
the medium scenario is the approximate mean buoy pH and the low and high scenarios reflect the confidence intervals.
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Freshwater DIC
For simplicity, I assume the Fraser River to behave similarly to an S = 0 seawater
endmember. Part of this assumption means using the Dickson (1981) definition of
seawater TA, and thus regarding freshwater TA as essentially carbonate alkalinity
(CA). Considering the data caveats discussed earlier (section 3.2.2), this assumption is not accurate. However, since quantifying the unknown contribution to TA
in the Fraser River is beyond the scope of this study, my treatment of the Fraser
River as S = 0 seawater is necessary in order to assess the range of freshwaterdriven uncertainty in marine carbonate chemistry forecasts for the SoG. Since I
have made this assumption, I calculated freshwater DIC from pH and TA using
CO2SYS (Lewis and Wallace, 1998) and the K1 and K2 constants of (Millero,
2010).

3.3.2

Model and evaluation

In order to assess the sensitivity of near-surface pH and ΩA in the southern SoG to
the range of proposed freshwater TA and pH scenarios, I use the model described in
chapter 2 and the base model run parameters summarized in section 2.2.3. I carried
out each set of base runs separately for the six freshwater TA scenarios (table 3.2)
and three pH scenarios (7.4, 7.7, 8.0) for a total of 216 runs.
I define three model metrics to assess the sensitivity of the model to freshwater
chemistry: 3 m averaged DIC (DIC3m ), 3 m averaged pH (pH3m ), and surface arag0

onite undersaturation (ΩAsur < 1) duration. I normalized DIC3m to TA = 2,000 µeq
kg−1

0

TA
nDIC3m = DIC3m
TA3m

(3.1)

to show DIC trends independent of changes to river TA. As in chapter 2, I evaluate
each metric at the near-surface (3 m average) because the seasonality of pH and
DIC is surface-intensified. I chose two 180-day averaging periods for nDIC3m
and pH3m : one beginning 1 May and the other beginning 31 October. I consider
ΩAsur < 1 duration for each of the two periods as well. The two periods generally
represent summer and winter conditions, respectively, although the 180-day period
beginning 31 October includes the spring bloom season.
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3.3.3

Results

Not surprisingly, the strongest sensitivity occurs between 1 May and 31 October, when freshwater discharge is highest (figure 3.7). Despite an increase in the
freshwater pH buffering capacity, raising the TA f resh appears to reduce pH3m (figure 3.7c). This result is consistent with an increase in nDIC3m (figure 3.7a). These
trends are visible for the period from 31 October to 1 May as well (figure 3.7b and
d) but with a smaller range of variability.
Despite rising nDIC3m and declining pH3m , ΩAsur < 1 duration appears to decline with overall increasing TA f resh across the six variable and constant scenarios
(figure 3.7e and f). The decline is particularly strong for TA f resh scenario 6 (constant maximum) at pH f resh 7.7 and 8.0 for both 180 day periods. In the case of
pH f resh 8.0 and TA f resh scenario 6 for the period beginning 1 May, the number
of runs exhibiting any duration of ΩAsur < 1 decreased from four to one of twelve
relative to the other TA f resh scenarios at high pH f resh .
The importance of flow dependence is most evident between scenarios 5 (power)
and 6 (constant maximum) determined from the EC Hope dataset. Scenario 6
produces notably lower pH3m (∼ 0.5 unit median reduction at pH f resh = 7.4, figure 3.7c) and summer ΩAsur < 1 (nearly complete surface supersaturation, figure 3.7e) compared to scenario 5. Scenario 6 also produces lower winter ΩAsur < 1
(∼ 10-day reduction, figure 3.7f) relative to scenario 5 at pH f resh > 7.4. The difference between model outcomes for scenarios 3 and 4 (linear fit and constant mean)
is weak by comparison. However, an exception lies at pH f resh = 8.0 where summer ΩAsur < 1 is reduced by ∼ 10 to 20 days in scenario 4 relative to scenario 3
(figure 3.7e). There does not appear to be a strong difference in model outcomes
between TA f resh scenarios 1 and 2 (constant minimum and quadratic fit).
Overall, the sensitivity of pH3m and nDIC3m to the range of pH f resh is approximately equal to the TA f resh range sensitivity. However, decreasing the pH f resh
does increase the sensitivity of pH3m and nDIC3m to TA f resh , especially in summer. At a pH f resh 7.4, the range of pH3m and nDIC3m sensitivity to TA f resh has
nearly doubled relative to pH f resh 8.0. Changes in pH f resh have the opposite effect
on ΩAsur < 1 duration. Lowering pH f resh appears to stabilize ΩAsur < 1 duration
whereas raising pH f resh strengthens the sensitivity to TA f resh .
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Figure 3.7: Model sensitivity results for (a, b) nDIC3m , (c, d) pH3m , and (e,
f) ΩAsur < 1 duration averaged over (a, c, e) 1 May to 31 October and
(b, d, f) 31 October to 1 May. Each box indicates the median, standard
deviation about the mean, and confidence intervals across 12 runs (years
2001 through 2012) at the indicated TA f resh (horizontal axis, table 3.2)
and pH f resh (grey/white sections) scenarios, except in (e) where each
box only contains runs that exhibited ΩAsur < 1 in summer (total labeled
above each box). TA f resh and pH f resh scenarios are in ascending order
of mean annual value from left to right.

3.4
3.4.1

Discussion
Mixing

How do uncertainties in freshwater pH and TA affect pH in an estuary? Consider
the simple case of conservative mixing between model freshwater ( f resh) and seawater from the 40 m boundary (sea). In the absence of additional processes, physical dilution alone will drive linear mixing between high and low concentrations,
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and thus the mixing curves (mix) for DIC, TA, T , Si, and PO3−
4 will be linear with
respect to S (e. g. DIC and TA, figure 3.8a). pH can be calculated from these
quantities using the method for DIC calculation described in section 3.3.1. Calculated pH is not linear with S and demonstrates a characteristic minimum at low
S when pH f resh <= pHsea (figure 3.8b). Similar theoretical pH versus S curves
have been calculated by Mook and Koene (1975), de Mora (1983), Whitfield and
Turner (1986), and Hofmann et al. (2009). Similar curves have also been observed
to occur in the Scheldt River estuary on the Netherlands coast (Mook and Koene,
1975; Hofmann et al., 2009) and locally in the Fraser estuary (de Mora, 1983).
The pH versus S relationship that results from conservative mixing is clearly
sensitive to pH f resh (figure 3.8b). However, despite sharing a common pH f resh , the
TA f resh scenarios also demonstrate variability along the pH mixing curve. Specifically, increasing TA f resh from 500.0 µeq kg−1 to 1300.0 µeq kg−1 lowers pHmix
and shifts the pHmix minimum, where present, to higher S. This behavior can be explained by the difference between the DIC:TA ratio of the high TA f resh case and the
low TA f resh case along the mixing curve. High TA f resh produces a greater DIC:TA
ratio along the mixing curve than that produced by low TA f resh (figure 3.8c), causing pHmix to be lower for high TA f resh than for low TA f resh . Similar behavior
was demonstrated by Mook and Koene (1975) by increasing the ratio of TA f resh to
TAsea .
The strongest sensitivity of pHmix to TA f resh occurs at low pH f resh (pH f resh <
pHsea , figure 3.8b). The sensitivity of pHmix to TA f resh at pH f resh > pHsea is relatively weak by comparison. The difference in sensitivity is again explained by the
difference in the DIC:TA ratios of the TA f resh cases along the mixing curve. As
pH f resh increases, the freshwater DIC:TA ratio approaches the seawater DIC:TA
ratio and the difference between the low and high TA f resh DIC:TA ratios along the
mixing curve is small relative to the difference in ratios for the low pH f resh case
(figure 3.8c). The difference in pHmix between the two TA f resh cases is thus smaller
for the high pH f resh case than for the low pH f resh case.
The model sensitivity studies demonstrate the impact of freshwater carbonate
chemistry on the marine environment beyond the simple bulk mixing case. Airsea gas exchange, biological activity, KPP mixing, and estuarine circulation make
these studies more realistic, yet also more complicated. Hofmann et al. (2009)
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Figure 3.8: Theoretical two-endmember mixing curves of (a) DIC and TA,
(b) pH, and (c) DIC:TA for TA f resh of 500.0 µeq kg−1 (solid) and
1300.0 µeq kg−1 (broken) at pH f resh of 7.4 (black), 7.7 (dark grey),
and 8.0 (light grey). Freshwater and seawater endmember DIC, TA,
T , S, Si, and PO3−
4 , unless otherwise specified, are defined according
to the average freshwater and 40 m boundary values, respectively, described for the model in chapter 2. Mixing is conservative (linear) for
those quantities. pH and DIC f resh are calculated using CO2SYS (Lewis
and Wallace, 1998) and the K1 and K2 dissociation constants of Millero
(2010).
found that adding a biogeochemical model to a prescribed physical mixing scenario
in the Scheldt estuary decreased the low S pH minimum and increased pH at higher
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S. Biological activity created a net decrease in pH (net remineralization) while airsea gas exchange resulted in a net pH increase (net outgassing). The 1-D model
I have used is positioned too far away from the Fraser River mouth to resolve the
estuarine dynamics along the full S range, therefore I cannot make a comparison
similar to Hofmann et al. (2009) between my model results and the simple mixing
case.
Despite the lack of a full S range, I do observe similar behavior in the mixing
only case and in the model sensitivity results. In both cases, increasing TA f resh
reduces the estuarine pH despite a constant pH f resh (pHmix in figure 3.8b, pH3m
in figures 3.7c and d). The estuarine pH reduction is non-intuitive since TA is
generally associated with higher pH. However, this result occurs because DICmix
(DIC3m in model) increases relative to TAmix (TA3m in model) when TA f resh is increased (figure 3.8a). More generally, DIC f resh is a stronger driver of model pH
than TA f resh at constant pH f resh . This result is consistent with the high freshwater DIC:TA ratio concept for the simple mixing case, where increasing TA f resh at
constant pH f resh increases the DIC:TA ratio along the mixing curve (figure 3.8c).
The results in figures 3.7c and d also support the increased sensitivity of pHsea to
TA f resh at low pH f resh (pH f resh < pHsea ) demonstrated in the simple mixing case
(figure 3.8b). This result again highlights the importance of the freshwater DIC:TA
ratio. Reducing pH f resh increases the freshwater DIC:TA ratio making the ratio between TAmix and DICmix more sensitive to changes in TA f resh (figure 3.8c).
The decline of the ΩAsur < 1 duration with decreasing pH3m (figure 3.7c through
f) is counterintuitive since model pH and ΩA are generally coupled through pH2−
driven changes in [CO2−
3 ]. However, the response of [CO3 ] in this study is more

sensitive to changes in total DIC than shifts in the equilibrium point of the carbonate system. Although low pH shifts the carbonate equilibrium toward [HCO−
3 ], the
added [CO2−
3 ] from increasing total DIC is enough to create a net increase in ΩA
and decrease in ΩAsur < 1 duration. More generally, although increases in DIC f resh
reduce model pH at constant pH f resh , the increase in model [CO2−
3 ] drives increases
in ΩA .
The increase in [CO2−
3 ] caused by increasing DIC has additional implications
for the ΩA sensitivity to pH f resh . For the low pH f resh scenario, the combined effect of increasing [CO2−
3 ] and the seawater DIC:TA ratio (figure 3.8c) stabilizes
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the ΩAsur < 1 duration to changes in TA f resh . As pH f resh increases, the seawater
DIC:TA ratio approaches 1 and changes in [CO2−
3 ] dominate. The result is to create a stronger sensitivity of the ΩAsur < 1 duration to changes in TA f resh at higher
pH f resh (figure 3.7e and f). On the other hand, pH3m and nDIC3m are most sensitive
to TA f resh at low pH f resh and least sensitive at high pH f resh (figure 3.7a through d).

3.4.2

Parameterization for model

Across all scenarios proposed here (table 3.2; 216 total runs), nDIC3m averaged
over the 180-day period beginning 1 May varies by > 50 µmol kg−1 (figure 3.7a
and b). This variation amounts to a ∼ 50 µmol kg−1 change in DIC in the top 3 m at
0

TA3m = 2,000 µeq kg−1 , and a 0.1 to 0.2 unit change in pH. These effects will often
be stronger for shorter averaging periods. The summer ΩAsur < 1 duration ranges
from a maximum of ∼ 50 days to a minimum of ∼ 1 day across all scenarios, and
the total number of runs exhibiting any period of summer ΩAsur < 1 ranges from 5
to 1 (figure 3.7e). At high pH f resh and TA f resh , the summer ΩAsur < 1 is virtually
non-existent (1 day duration in only 1 run).
The range of winter ΩAsur < 1 duration is ∼ 20 days across all scenarios (figure 3.7f). Considering winter is a time of relatively weak freshwater influence, the
strength of the winter ΩAsur < 1 duration trend is striking. However, the winter averaging period includes the month of April when flow stage begins to increase dramatically. Additionally, winter rainfall can produce large freshwater pulses which
may strengthen the river influence on ΩAsur . Furthermore, the winter averaging
period includes the spring bloom season which likely accounts for much of the
winter ΩAsur < 1 variability, although the spring bloom timing is unlikely to affect
the trend in winter ΩAsur < 1 duration with TA f resh since model phytoplankton are
not chemically-stressed and TA and DIC do not influence model growth rates.
The multiple effects of pH f resh complicate the selection of a suitable freshwater
pH value for the model. At the low end of pH f resh , the ΩAsur < 1 duration is relatively stable over the range of TA f resh scenarios, but nDIC3m and pH3m are at their
most sensitive to TA f resh (figure 3.7). At the high end of pH f resh it is the ΩAsur < 1
duration that is most sensitive to TA f resh .
The TA f resh scenarios based on the EC estuary dataset, scenarios 3 (linear fit)
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and 4 (constant mean), are the strongest candidates for defining the model freshwater TA. This dataset is representative of the river mouth which is the approximate
physical location of the freshwater endmember along the estuarine mixing curve
(figure 3.8), and the data were sampled recently (i. e. beginning in 2004). Model
nDIC3m , pH3m , and ΩAsur < 1 are not especially sensitive to the differences between
scenarios 3 and 4 (figure 3.7) except in the case of summer ΩAsur < 1 duration at
high pH f resh (figure 3.7e). The model metrics are more sensitive to the difference
between scenarios 3 and 4 and scenario 2 (quadratic fit), however scenario 2 is a
poor candidate since the freshwater TA values are extrapolated rather than measured and are generally much lower (∼ 200 µeq kg−1 , figure 3.6) than those measured in the river (i. e. EC Hope and EC estuary datasets). Since the model metrics
are not sensitive to the difference between the constant and flow-dependent TA f resh
scenarios based on the EC estuary dataset, I use the constant scenario (scenario 4)
as the model TA f resh in chapter 2 for simplicity.
The EC buoy dataset provides a satifactory summary of pH near the river
mouth. The buoy is ideally located and the high frequency sampling allows for
a temporal resolution in pH otherwise unavailable in the region. Despite the inherent inaccuracy of the pH instrument, the lack of more robust pH measurements in
the estuary deem this dataset to be the best alternative. I select a mean buoy pH of
7.7 as the model pH f resh for simplicity. The variability of pH f resh at the selected
model TA f resh may produce a ∼ 0.1 unit change in pH3m during the summer (figure 3.7c) and a ∼ 5-day change in ΩAsur < 1 duration during summer and winter
(figure 3.7e and f).

3.5

Conclusions

The aims of this chapter were to estimate the range and variability of TA and pH
in the Fraser River freshwater contribution to the SoG, to assess the sensitivity
of model SoG pH and ΩA to this range and variability, and to determine realistic
freshwater pH and TA parameterizations for use in the chapter 2 modeling study.
The datasets used in this study demonstrate a total plausible freshwater TA
range of ∼500 to 1,350 µeq kg−1 near the Fraser River mouth, and an observed pH
range of ∼7.4 to 8.0 at the Environment Canada Fraser River Water Quality Buoy.
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Both TA f resh and pH f resh are seasonally-variable with the highest values observed
in winter and summer, respectively. Significant correlations between TA f resh observations and parameterized total freshwater discharge in the southern SoG near
the Fraser River mouth support a flow-dependent mechanism to describe the seasonality of TA f resh . While pH f resh may also demonstrate flow dependence near
peak river flow, observations generally span the range of variability at most flow
stages, and pH f resh seasonality is likely determined by primarily local processes
(e. g. biological productivity).
The range of freshwater TA and pH scenarios produce an average (1 May to Oct
31) near-surface model pH range of ∼8.1 to 8.3, median winter ΩAsur < 1 durations
of between 140 and 160 days (total range 120 to 185 days), and median summer
ΩAsur < 1 durations, when present, of between 0 and 25 days (∼50 days maximum for pH f resh = 7.4, TA f resh = 530 µeq kg−1 ). Increasing TA f resh decreases
model pH by increasing model DIC relative to TA. The two-endmember mixing
discussion supports this mechanism by demonstrating an increase in the estuarine
DIC:TA ratio at high TA f resh . However, increasing TA f resh also decreases model
surface ΩA < 1 duration by raising the ΩA . Despite the high model DIC relative to
TA, ΩA is more strongly sensitive to the net rise in estuarine CO2−
3 resulting from
the bulk freshwater DIC increase in this case. At low pH f resh , model pH is more
sensitive to changes in TA f resh due to the high freshwater DIC:TA ratio. However,
since model surface ΩA < 1 duration sensitivity is determined by a different mechanism, this quantity is actually stabilized at low pH f resh by simultaneous addition
and removal of CO2−
3 .
I select the mean EC estuary TA f resh scenario (scenario 4, table 3.2), and
pH f resh = 7.7 as the freshwater chemistry parameters for the model used in chapter 2. The combined sensitivity of model pH and surface ΩA < 1 duration is
strongest at the extreme scenarios and weakest near the mean values I have selected. Near-surface model pH and ΩA do not demonstrate sensitivity to differences between the constant and flow-dependent EC estuary TA f resh scenarios (3
and 4) at pH f resh = 7.7 so I choose the constant scenario for simplicity.
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Chapter 4

Conclusions
I set out in this thesis to investigate the role of local physical forcing in determining
the seasonal variability of near-surface pH and ΩA in the southern Strait of Georgia
(SoG). In order to evaluate this connection, I developed a carbonate system module
representative of the system that could be coupled to a collaboratively-developed
1-D biophysical model of the southern SoG. The model required tuning and evaluation, and a freshwater sensitivity analysis in order to provide realistic estimates of
pH and ΩA at the study site. Using the tuned model with the appropriate freshwater
chemistry parameterizations, I tested the sensitivity of near-surface pH and ΩA to a
comprehensive set of local forcing scenarios representative of the period between
2001 and 2012.
The model generally reproduces observations of pH and ΩA from the top 40 m
of the southern SoG, however disagreement arises in the near-surface during summer, primarily in 2010. Where surface values disagree, the model predicts a fresher,
warmer surface associated with a strong river influence. Since these conditions
likely represent a nearby station closer to the river plume, the model may be thought
of as Langrangian rather than representative of only the defined coordinates. Where
subsurface values disagree, the model underestimates DIC due to overproductivity.
Both cases result in high estimates for model pH and ΩA relative to observations.
Since only low pH and ΩA are considered to be potentially unfavorable to the
ecosystem, the model represents a best case scenario.
The selection of freshwater endmember concentrations of DIC and TA can af83

fect near-surface pH and ΩA in the model. Between 2001 and 2012 over the range
of observed freshwater TA and pH in the southern SoG and Fraser River, six-month
averages (1 May to 31 October) of near-surface model pH vary between 8.1 to 8.3,
median winter surface ΩA < 1 durations vary by 20 days, and median summer
surface ΩA < 1 durations vary by 25 days. Average model ΩA duration and pH
stabilize at opposite ends of the observed freshwater pH range because changes in
the freshwater and estuarine DIC:TA ratios affect each quantity differently. Model
freshwater pH is thus defined as the mean observed value of 7.7 to optimize stability for both quantities. Since the model does not demonstrate sensitivity to the
difference between constant and flow-depended freshwater TA scenarios for the
Fraser River mouth at pH 7.7, the mean Fraser River estuary value defines the
model freshwater TA.
Near-surface model pH and ΩA follow robust seasonal cycles associated with
the local ecosystem dynamics. Within these cycles, near-surface pH exhibits two
periods of increased variability (> 0.2 pH units) when evaluated over a wide range
of realistic forcing scenarios. During each period, pH demonstrates strong negative correlations to two local forcing quantities across these scenarios: wind speed
in spring and freshwater flux in summer. Analysis of water-column DIC fluxes
reveals two mechanisms of spring pH regulation by wind. In early spring wind
mixing primarily inhibits phytoplankton growth, weakening or delaying blooms
and keeping pH low. In late spring most blooms have already happened increasing
ambient near-surface pH significantly, and net wind mixing of DIC to the surface
across the newly-established chemocline dominates. Nitrate flux analysis reveals
that phytoplankton are primarily light-limited, as opposed to nutrient-limited, in
summer during peak freshwater flux. This finding suggests that increased turbidity
is the primary pH regulation mechanism in summer rather than the decreased estuarine entrainment velocity (and upward nutrient transport) associated with peak
river discharge. These findings do not rule out increased advection of phytoplankton as a mechanism for reduced summer pH, which is likely to contribute to the
correlation between summer pH and freshwater flux as well.
Winter surface aragonite undersaturation (ΩA < 1) is a persistent feature of the
model. Duration ranges from ∼70 to 130 days over the range of forcing scenarios, and varies by ∼40 days at onset and 30 days at termination. The relationships
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between onset and local forcing quantities are weak, but negative correlations to
wind speed and cloud fraction point to light limitation, removal of phytoplankton
by mixing, and enhanced DIC transport to the surface as possible drivers of early
winter ΩA < 1 onset. These correlations improve at low river discharge, suggesting
that other mechanisms associated with higher river discharge weaken the influence
of wind and cloud cover. Strong correlation between termination (spring surface
ΩA > 1 onset) and cloud fraction indicates surface light availability to phytoplankton as the dominant factor in terminating winter ΩA < 1. Allen and Wolfe (2013)
also found cloud fraction to be important in determining spring diatom bloom timing, however I do not observe a strong relationship between spring ΩA > 1 onset
and spring bloom timing. Perhaps rethinking the spring bloom definition could
strengthen this relationship in future research.
Summer surface ΩA < 1 occurs during years with large (> 5, 500 m3 s−1 ) July
average Fraser River flows. When present, the duration reaches as long as 50 days
over the range of forcing scenarios. With respect to local forcing, duration demonstrates the strongest correlation to the July-average freshwater flux. Comparisons
between summer 2010 (small freshet) and summer 2011 (large freshet) model surface Ca2+ and CO2−
3 concentrations indicate that both ions are deficient by as much
as 3-fold during large freshets. Since ΩA is directly proportional to both ions, freshwater dilution is the dominant driver of reductions in surface ΩA , although CO2−
3
reductions associated with biologically-sourced pH decreases in summer may be
important as well.
The model results demonstrate that pH and ΩA extremes in the context of seasonal timing are common. For instance, near-surface model pH and ΩA increase
during spring, but these increases can occur gradually or rapidly at any point between early February and early April. Likewise, low near-surface model pH and
ΩA are uncharacteristic of summer, but can arise nontheless during strong freshwater fluxes. Low extremes in this context might be observed during years with strong
spring winds and cloud cover accompanied by weak, late spring phytoplankton
blooms, or during years with strong Fraser River freshets.
It is possible that in other parts of the SoG, the observed range of pH and ΩA
may exceed the range determined by this study for the model site. Such observations would rely on a different balance of fluxes than represented in the model.
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High chlorophyll-a observations in the northern SoG relative to the southern basin
(Masson and Peña, 2009) are consistent with abnormally high (variable) surface
pH and ΩA observations to the north (D. Ianson, manuscript in preparation, 2014).
In protected areas near shorelines, abnormally low pH observations may arise due
to benthic processes (e. g. enhanced remineralization) associated with DIC production (Johannessen et al., 2008)
The majority of shellfish impact studies report the greatest vulnerability to be
during the larval stage (Hettinger et al., 2012; Kroeker et al., 2013; Parker et al.,
2013). By contrast, wild adult shellfish in the SoG cannot be especially vulnerable
to the observed low extremes of pH and ΩA because they experience the full range
of observed conditions during their lifespan without persistent population decline.
The spawning season for most commercial clam varieties in the SoG occurs between May and August, during which time each animal will spend 2 to 3 weeks in
the larval stage before settling (Quayle, 1970). In most years, near-surface model
pH exceeds 8.0 units and ΩA exceeds saturation during this season. It is unlikely
that wind-driven low pH and cloud-driven low ΩA would persist into the spawning
season since both scenarios appear to weaken by the end of April. However, low
near-surface summer pH and ΩA driven by large freshwater fluxes could create unfavorable growth conditions for new shellfish larvae during some years. This effect
will be much less severe at large distances from the Fraser River plume, so shellfish in the northern SoG are unlikely to be affected by corrosive, brackish water.
Additionally, aragonite undersaturation due to large freshwater fluxes is associated
with severe freshening events, and most shellfish living in these zones may already
be adapted to fresher, undersaturated environments (e. g. (Parker et al., 2012)).
Aquaculture shellfish (oysters, clams, scallops) may experience more severe
impacts from local carbonate chemistry than resident shellfish due to variable seed
timing and depth practices used by the industry. Seeding events taking place before
the local spawning season may risk exposure to unfavorable low pH and ΩA conditions. Additionally, seeding stocks too deep may unintentionally expose vulnerable
larvae to shallow, undersaturated waters. While some seed is stored directly in the
SoG prior to seeding (D. Ianson, personal communication, 2014), seed temporarily stored in land facilities are also vulnerable to local carbonate chemistry as these
facilities use SoG water for their storage containers. Many facilities use liming
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practices for their incoming water to mitigate low pH and ΩA , however there are
still many other aspects of these land facilities that do not reflect the natural environment and may reduce fitness.
Quantifying the long term trends of near-surface SoG pH and ΩA due to anthropogenic CO2 forcing and climate change is beyond the scope of this study.
However such trends are plausible given the model setup and sensitivity results.
Direct anthropogenic CO2 forcing sourced in inflowing PIW (Feely et al., 2008,
2012a) would be parameterized in the model as a change in the 40 m boundary
condition. Upwelling source waters were DIC-rich relative to Puget Sound basin
waters during a summer 2008 cruise in Juan de Fuca Strait and Puget Sound (Feely
et al., 2012a). However, upwelling source waters are consistently DIC-poor relative to deep SoG waters on similar density surfaces based on recent observations
in Juan de Fuca Strait and the SoG (D. Ianson, manuscript in preparation, 2014),
and so the relative strength of oceanic DIC is a driver of SoG acidification remains
unclear.
Climate forcing could potentially drive changes in the local forcing climatology, altering seasonal wind, cloud, and river flow behavior. Hindcasts from 1968 to
2010 using a diatom-only version of the 1-D model in this study demonstrate that
spring bloom timing became more variable after 1990, and progressively later after
2005 (Allen and Wolfe, 2013). The authors attributed this variability to changes
in the timing of the spring transition of prevailing wind patterns over the North
Pacific. Similar large scale to local scale effects could produce more highly variable and potentially longer periods of low near-surface pH and aragonite undersaturation in the model used here. Fraser River flow patterns are also forecasted
to change with shifts in snow patterns in the Fraser River watershed, with future
flow profiles rising earlier in the season and peaking at smaller freshets (Morrison
et al., 2002). Such flow would produce overall higher near-surface pH and ΩA in
the model by increasing stratification in spring without adding light limitation in
summer. However Collins et al. (2009) suggested that increased freshwater flux in
spring increases phytoplankton advection, reducing bloom strength.
Long term changes in near-surface pH and ΩA seasonality could disrupt the
current SoG ecosystem. Given the predominantly negative effects of low pH and
ΩA on secondary producers and higher trophic levels determined from recent meta87

analyses (Kroeker et al., 2013; Parker et al., 2013) and the stronger sensitivity to
low pH and ΩA observed in a variety of organisms at early growth stages (e. g.
oysters; Hettinger et al., 2012; Barton et al., 2012), changes in seasonal carbonate
chemistry could expose the vulnerable spawning stage of local organisms to unfavorable conditions. Resident shellfish populations could be particularly affected,
with the decline in benthic structure negatively impacting the benthic community
(Gutiérrez et al., 2003).
The next step in this research is to investigate the potential long-term changes
to SoG carbonate chemistry. This study provides a starting point and the model
provides a starting tool. I have described the strengths and limitations of this
model and their implications in its use for long term projections. With further
development, this model is suited to be used in a long-term study. However, as
biophysical-coupled modeling continues to advance in the region, the role of 3-D
models in addressing these long-term trends will be important as well.
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Appendix A

Model Equations
Nutrient uptake
Under light limitation, the nutrient uptake rate for phytoplankton class i is given by
"

−IPAR
i
0.33Iopt

uic = Rimax (T ) 1 − exp

!# "
1.06 exp

−IPAR
i
30Iopt

!#
(A.1)

where Rimax (T ) is the maximum growth rate for phytoplankton class i, IPAR is the
i is the optimum light intensity
available phytosynthetically active radiation, and Iopt

for class i.
The N-limited uptake rate for phytoplankton class i is determined using the
substitutable model of O’Neill et al. (1989, in Jeffery, 2002)
uino
uinh

=

Rimax (T )

=

Rimax (T )




κi [NO−
3]
−
i
Knh + κi [NO3 ] + [NH+
4]



[NH+
4]
i + κ [NO− ] + [NH+ ]
Knh
i
3
4



(A.2a)
(A.2b)

i is the half-saturation constant for NH+ for phytoplankton class i and κ
where Knh
i
4

is the ratio Knh/Kno for class i (κ < 1 as NH+
4 is always preferred).
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Symbol
Ks
Si:N
chl:N
chlr

Definition
Si half-saturation constant*
Si:N ratio*
Chlorophyll:N ratio
Chlorophyll reduction factor

Unit
µM N
µg (µmol N)−1
µM C d−1

Value
0.6
2.0
1.6
0.2

Source
tuned
tuned
tuned
Ianson and Allen (2002)

Mesozooplankton fit
Zw
Winter concentration
a
Summer peak magnitude
b
Summer peak timing
c
Summer peak width

µM N
µM N
yearday
d

0.0369
0.339
217.0
114.0

fit from Mackas et al. (2013)
fit from Mackas et al. (2013)
fit from Mackas et al. (2013)
fit from Mackas et al. (2013)

Remineralization rates
rNH+
NH+
4 remineralization rate
4
rDON
DON remineralization rate
rPON
PON remineralization rate
rbSi
bSi remineralization rate

µM N d−1
µM N d−1
µM N d−1
µM N d−1

0.0346
0.1987
0.1987
0.2799

Denman (2003)
Jeffery (2002); Cugier et al. (2005)
Ianson and Allen (2002)
Cugier et al. (2005)

Sinking rates
W1
Nutrient replete sinking rate*
W2
Nutrient depleted sinking rate*
wPON PON sinking rate
wbSi
bSi sinking rate

m d−1
m d−1
m d−1
m d−1

0.5
1.2
6.912
6.912

Collins et al. (2009)
Collins et al. (2009)
Jeffery (2002)
set to PON

Table A.1: Biological model parameters. *diatoms only.
The Si-limited uptake rate (silicic acid, H2 SiO4 ) is given by the MM equation
uis = Rimax (T )

[H2 SiO4 ]
i
Ks + [H2 SiO4 ]

(A.3)

where Ksi is the half-saturation constant for silicic acid for phytoplankton class i.
uis is nonzero only for diatoms.
The N uptake rates for each photosynthesizer class i are assigned based on
the limiting nutrient (or light). The rates are parsed such that ammonium is used
first until the uptake capacity, uinh , is reached, and then nitrate uptake fulfills the
remaining N demand. The final N uptake terms become
(
i
UNH
+
4

=

min uic , uis , uinh



uinh

when N is not limiting
when N is limiting
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(A.4a)

(
i
UNO
−
3

=


i
min uic , uis −UNH
+

when N is not limiting

uino

when N is limiting

4

(A.4b)

The time rates of change of nitrate and ammonium concentrations are given by


3 
∂ [NO−
∂
i
−
3]
= − ∑ UNO
P
(we [NO−
− i + RNO− −
3 ]) + V ([NO3 ])
3
3
∂t
∂
z
i=1

+
3 
∂ [NH4 ]
∂
i
= − ∑ UNH
(we [NH+
+ Pi + RNH+ − RNO− −
4 ])
4
3
4
∂t
∂
z
i=1
+ V ([NH+
4 ])

(A.5a)

(A.5b)

where RX is the biological remineralization of nutrient X and Pi is the phytoplankton class i biomass concentration. The second to last term is the advective loss due
to estuarine circulation where we is the entrainment velocity, and the last term, V ,
is the turbulent diffusion determined by the KPP model.
Phytoplankton
There are three classes of photosynthesizers included in the SOG biology model:
diatoms, flagellates, and Myrionecta rubra. The time rate of change of photosynthesizer class i biomass is given by

n
 i

∂ Pi  i
i
i
= UNO− +UNH
+
ε
G
(P
)
−
M
+
i i f
i Pi − ∑ min GT j (Pi ), G j (Pi )
4
3
∂t
j=1
+

∂
∂
(ws Pi ) − (we Pi ) + V (Pi )
∂z
∂z

(A.6)

where M is the natural mortality for phytoplankton class i, n is the number of
grazers for Pi , and GiT j and Gij are the grazing loss terms for class i by the jth
grazer. The first vertical gradient term is the loss due to sinking (6= 0 for diatoms
only). The sinking velocity ws is parametrized in terms of a nutrient replete term
W1 and a nutrient depleted term W2 (Collins et al., 2009).
An additional grazing term εi Gi (Pf ) is added to represent heterotrophy in M.
rubra where εi is the M. rubra grazing efficiency and Pf is the biomass concentra105

Symbol Definition
Phytoplankton
Rmax
Maximum growth rate
Iopt
Optimum light intensity
Knh
NH+
4 half-saturation constant
κ
Knh /Kno
M
Natural mortality

Unit

Diatoms M. rubra Flagellates Microzoo PON

µM N d−1
W m−2
µM N
µM N d−1

5.184
42.0
2.0
1.0
0.229

2.160
37.0
0.5
0.5
0.233

2.160
10.0
0.1
0.3
0.216

-

-

Microzooplankton grazing
Kµ
Half-saturation constant
αµ
Predation threshold
δµ
Preference

µM N
µM N
-

1.0
0.3
0.28

1.0
0.5
0.17

1.0
0.4
0.28

0.5
0.3
0.18

2.0
0.6
0.09

Mesozooplankton grazing
Km
Half-saturation constant
αm
Predation threshold
δm
Preference

µM N
µM N
-

0.2
0.0
0.25

1.0
0.2
0.2

0.4
0.0
0.2

1.2
1.0
0.2

0.4
0.0
0.15

Table A.2: Tuned biological model parameters. Phytoplankton parameters
are broken down by photosynthesizer class. Microzooplankton grazing and Mesozooplankton grazing parameters are broken down by prey
class.
tion of M. rubra prey (flagellates). εi Gi (Pf ) is nonzero only for M. rubra.
Zooplankton
Zooplankton grazing is modeled using a Holling type II response (Fasham, 1995).
GiT j = ϒ j
Gij = ϒ j




Z j (t, z)(FT − αT j )
KT j + FT j − αT j
!
Z j (t, z)(Fi − α ij )
K ij + Fji − α ij

δ ji Fi
δ̂ · F̂

!
(A.7a)
(A.7b)

where ϒ j is the maximum grazing rate for predator j, α ij is the predator j predation
threshold for food source Fi , αT j is the predator j predation threshold for the total
food abundance FT , K ij is the predator j half-saturation constant for Fi , KT j is the
predator j half-saturation constant for FT , δ ji is the preference of predator j for Fi ,
and δˆj · F̂ is the sum of products of food abundances and predator j preferences.
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Symbol
ϒ
KT
αT
ε
M
E

Definition
Maximum ingestion
Half-saturation constant
Predation threshold
Grazing efficiency
Natural mortality
Excretion

Unit
µM N d−1
µM N
µM N
µM N d−1
µM N d−1

M. rubra
0.6912
1.0
0.4
0.6
-

Microzoo
1.296
1.25
0.5
0.6
0.0605
0.0043

Mesozoo
1.201
1.0
0.5
0.6
0.1987
0.1201

Source
tuned*
tuned
tuned
Cugier et al. (2005)
tuned
set

Table A.3: Grazer parameters, broken down by grazer class. *Mesozooplankton maximum ingestion is from Collins et al. (2009).
There are 2 zooplankton classes in the SOG model. The time rate of change of
microzooplankton biomass is given by
m



∂ Zµ
= εµ ∑ min GiTµ (Zµ , Fi ), Giµ (Zµ , Fi ) − Mµ + Eµ Zµ
∂t
i=1
i ∂
h
n

µ
µ
− ∑ min GT j (Zµ ), G j (Zµ ) −
we Zµ + V (Zµ )
∂z
j=1

(A.8)

where εµ is the grazing efficiency, Eµ is the excretion rate, m is the number of
food sources and Fi is the concentration of the ith food source. Following recent
observations, microzooplankton graze diatoms as well as flagellates (Strom et al.,
2007).
Average mesozooplankton biomass is fit to an annual Gaussian using a 20-year
timeseries of zooplankton sampling in the Strait (Mackas et al., 2013; appendix B).

Z̄m = Zw + a exp

−(D − b)2
c2


(A.9)

where Z̄m is the average mesozooplankton biomass over the model domain, Zw is
the average winter biomass, and D is the yearday. The coefficients a, b, and c determine the magnitude, timing, and width, respectively, of each mesozooplankton
peak.
Mesozooplankton are assumed to choose their depth based on the profile of
their prey, so their vertical distribution in the model is parametrized in terms of the
total abundance of phytoplankton and the average mesozooplankton concentration.
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Symbol
σM
σE
σGr
µ
σG
m
σG

Definition
Mortality waste fraction
Excretion waste fraction
M. rubra grazing waste fraction
Microzoo grazing waste fraction
Mesozoo grazing waste fraction

NH+
4
0.000
1.0
0.0
0.0
0.03

DON
0.475
0.0
0.5
0.5
0.20

PON
0.475
0.0
0.5
0.5
0.20

Ref
0.050
0.0
0.0
0.0
0.57

Source
set
Jeffery (2002)
set
set
set

Table A.4: Waste fractions from natural mortality, excretion, and sloppy grazing, broken down by waste destination. The sum of fractions for each
parameter add to 1. Diatom waste from natural mortality and grazing
contributes an additional whole portion to biogenic silica (bSi) detritus.

Zm = Z̄m

P
P̄

(A.10)

where P is the total biomass profile of mesozooplankton prey and P̄ is the water
column average of P.
Detritus
There are 3 classes of detritus in the SOG model: particulate organic nitrogen
(PON), dissolved organic nitrogen (DON), and biogenic silica (bSi). The time
rates of change of detritus concentrations are given by
n
∂ PON
= WPON − ∑ min [GT j (PON), G j (PON)] − rPON PON
∂t
j=1

∂
∂
(wPON PON) − (we PON) + V (PON)
∂z
∂z
∂ DON
∂
= WDON − rDON DON − (we DON) + V (DON)
∂t
∂z
∂ bSi
∂
∂
= WbSi − rbSi bSi + (wbSi bSi) − (we bSi) + V (bSi)
∂t
∂z
∂z
+

(A.11a)
(A.11b)
(A.11c)

where rX is the remineralization rate for X and WX is the X fraction waste from
natural mortality, grazing, and excretion processes. Sinking of PON and bSi is
represented by the first vertical gradient terms in equations A.11a and A.11c where
wPON and wbSi are the respective sinking speeds. The waste term WX is the sum of
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the X fractions of all waste-generating processes
i
n h
WX = σ̂MX · M̂ + ∑ σ̂Gj X · Ĝ j (1 − ε j ) + σ̂EX · Ê

(A.12)

j=1

where σ̂YX is the array of X waste fractions from process Y , Ŷ is the array of waste
values, and n is the number of grazers.
Remineralization to dissolved inorganic nitrogen (DIN) from DON and PON
follows Jeffery (2002). DON and PON are first converted to ammonium at the
rates rDON and rPON . Ammonium is then converted to nitrate, and this conversion
2
is proportional to [NH+
4 ] . The remineralization terms are

RNH+ = rDON DON + rPON PON

(A.13a)

2
RNO− = rNH+ [NH+
4]

(A.13b)

4

3

4

Carbonate system parameters
The model equations for DIC and TA are
"
#
 
3 
∂ DIC
i
i
i
= RNH+ − ∑ UNO
+UPC
Pi RC:N
− +U
NH+
4
4
3
∂t
i=1
∂
(we DIC) + V (DIC)
(A.14a)
∂z
!


3 
3 
∂ TA
i
i
U
P
= (RP:N + 1) ∑ UNO
+
− Pi + (RP:N − 1)
∑ NH4 i − RNH+4
3
∂t
i=1
i=1
−

− 2RNO− −
3

∂
(we TA) + V (TA)
∂z

(A.14b)

i is the uncoupled DIC uptake by phytoplankton class i under N limitation
where UPC

and RX:Y is the Redfield ratio of element X to element Y.
i is given by
The uncoupled DIC uptake term UPC



i
i
i
UPC
= chlr uic −UNO
+
− −U
NH
3

(A.15)

4

where chlr is the reduction factor for phytoplankton chlorophyll relative to carbon
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(Ianson and Allen, 2002).
Transfer of CO2 across the air/sea interface in the surface grid cell is parametrized
according to Fick’s second law of diffusion
Φ = −kw (U10 )K0 ∆pCO2

(A.16)

where kw is the transfer coefficient as a function of the 10 m wind speed U10
(Nightingale et al., 2000) and K0 is the CO2 solubility of Weiss (1974).
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Appendix B

Model Tuning
Most of the physical model parameters used in this study are as described in C-09.
Several of those that differ from C-09 have been re-tuned to the STRATOGEM
temperature (T ) and salinity (S) dataset (table 2.1) more recently in AW-13. Estuarine circulation has three fitting parameters: the vertical velocity, the amount
of freshwater added and the depth distribution of added freshwater. The vertical
velocity is set based on an entrainment calculation using Knudsen’s relations, the
observed link between Fraser River flow and surface S, and dynamics (C-09). The
amount of freshwater added is fit based on the STRATOGEM S observations, and
the depth distribution is set based on the observed halocline depth (AW-13). The
amount of mixing due to internal waves below the mixing layer was tuned to give a
good match between model and observed halocline strength (C-09). The addition
of flow from the northern SoG and its tuning is explained in Appendix C.
The biology model was re-tuned to the STRATOGEM dataset following the addition of multiple nutrient, phytoplankton, and zooplankton classes using a genetic
algorithm. Parameters chosen to tune were:
• Table A.1 Chlorophyll:N ratio, Si:N ratio (diatoms), Si half-saturation constant (diatoms)
• Table A.2 All parameters
• Table A.3 All parameters except grazing efficiency, excretion, and mesozooplankton maximum ingestion.
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The goodness of fit or cost function was constructed from the mean absolute error
between the model and observations for the following quantities:
+
• Nutrients NO−
3 and NH4 concentration timeseries (optimized to within a

10-day window) and total range
• Phytoplankton Diatom, M.rubra, and flagellate biomass timeseries (optimized to within a 10-day window) and total range
• Spring bloom Timing as defined by AW-13
A good convergence was not found. It was determined that the amount of mesozooplankton was too low to allow biomasses and nutrients in the model to match
the observations, particularly during the summer. Zooplankton sampling during
the STRATOGEM project yielded uncharacteristically low numbers for the Strait
of Georgia ecosystem perhaps due to the years of sampling. The resulting low
model background mesozooplankton appears to give rise to phytoplankton overproductivity following the spring bloom.
To improve the prescribed model mesozooplankton, I constructed a new parameterization based on monthly averages from a 20-year timeseries in the SoG
(Mackas et al., 2013). I only considered copepods larger than 1 mm and euphausiids (figure B.1 circles) as other classes of zooplankton were either more representative of model microzooplankton or present in such low abundance as to be
disregarded. The 1 to 3 mm copepod class is generally representative of Calanus
sp., Pseudocalanus sp., and Metridia pacifica whereas copepods greater than 3
mm are dominated by Neocalanus plumchrus (Mackas et al., 2013). N. plumchrus demonstrates an overwintering phase in the SoG from approximately June
through January during which it does not migrate to the surface to feed (Campbell
and Dower, 2008). I assumed copepods greater than 3 mm sampled during these
months to be primarily overwintering N. plumchrus and excluded them.
Euphausiids are generally omnivorous and carnivorously feed on primarily
other mesozooplankton. There is no mechanism for mesozooplankton self-grazing
since mesozooplankton are not explicitly modeled, thus I estimated the percentage
of carnivorous euphausiids and excluded them from the mesozooplankton parameterization. Bamstedt and Karlson (1998) estimate carnivorous feeding in Meganyc112
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Figure B.1: Monthly averages of 1-3mm copepods (open circles), 3-5mm
copepods (black circles), and euphausiids (gray circles) from 20 years
of full water-column zooplankton sampling in the Strait of Georgia
(Mackas et al., 2013). An annual least-squares gaussian fit (solid thick
line) to the combined total (open squares) with estimated overwintering copepods and carnivorous euphausiids removed (black squares)
replaces the existing depth-average model mesozooplankton (broken
thick line) previously developed by C-09 using the STRATOGEM zooplankton data.
tiphanes norvegica on the Swedish Skagerrak coast to be 40% or less. Stuart and
Pillar (1990) make a similar estimate (40%) for Euphausia lucens in the South
African Benguela current when phytoplankton abundance is high, however at low
phytoplankton abundance they estimate carnivory to be as high as 85%. The ranges
of carnivory between the two studies are significantly different, and not surprisingly so considering the difference in euphausiid species and study areas. I estimated carnivory of SoG euphausiids to be 45% which is consistent with Stuart and
Pillar (1990) at moderately high phytoplankton abundance.
The new mesozooplankton parameterization is based on a least-squares gaussian fit (figure B.1 solid bold line) to the sum of copepods and euphausiids (fig113

ure B.1 open squares) with overwintering copepods and carnivorous euphausiids
subtracted (figure B.1 filled squares). Compared to the C-09 and AW-13 parameterization fit from the STRATOGEM data (figure B.1 dash bold line), the new parameterization prescribes a similar mesozooplankton biomass in spring, but higher
biomass during the rest of the year with a peak concentration in late summer. This
new parameterization improved the model-data summer productivity agreement,
but did not eliminate the model overproductivity.
In order to further increase the grazing pressure on summer phytoplankton, I
reduced the mesozooplankton grazing preference for microzooplankton from 0.3
to 0.2 and increased the mesozooplankton preference for flagellates from 0.1 to 0.2.
The impact of this shift in grazing preference was two-fold. The added pressure
on flagellates reduced their summer biomass, and the reduced pressure on microzooplankton increased their capacity for phytoplankton grazing. The final tuning
of the biological model significantly improves the agreement with summer productivity data, however the model still underpredicts summer NO−
3 in the near-surface
(figure 2.6c).
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Appendix C

Northern Return Flow
As water enters the Strait of Georgia (SoG) from the Fraser River, it flows out in a
buoyant plume spreading both north and south. As it spreads north, denser water,
originally at the surface in the northern SoG, is subducted below the plume. Thus
the water entrained into the plume is not only intermediate layer intrusions from
the Haro Strait region as was implicitly assumed in C-09 and AW-13.
In summer, this subducted surface water is warm and low in nutrients. Evidence of this watermass can be seen in June 2004 STRATOGEM data (table C.1)
as a southward flow of spicey (high temperature, high salinity for a given density)
water from the northern SoG along the eastern coast of Vancouver Island (figure 2.1). This water is near the surface (approximately 0-12 m) south of Texada
Island but has subducted (approximately 8-18 m) by the time it has reached Gabriola Island (directly northwest of model site; figure 2.1). Water above is brackish,
likely of eroded Fraser River plume origin and probably flowing northward. The
absence of this intrusion in the C-09 model can be clearly seen in comparisons with
the STRATOGEM data (Figure C.2a).
To include this surface-influenced water from the north, one needs parameters
for the temperature and the nutrient levels. However, in a one-dimensional model
such values are not available. Thus I assume that the northern values of temperature
and nutrients are correlated linearly with the southern values. Then I advect-in over
a prescribed depth range, a lagged temperature/nutrient signal from the north.
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Figure C.1: Observed spice contours from 0 to 20 m along the Strait of Georgia southwestern boundary from the July 2004 STRATOGEM cruise.
Calculate the lagged temperature signal (nutrients are done similarly)
Tin = (1 − α)Tin + αTs

(C.1)

where α = dt/τ where dt is the model time step, τ = 2 days is the delay timescale,
Ts is the surface temperature from the model and Tin is the time-delayed temperature.
Advect the temperature
dT (z) = dtSn wu (Tin − T (z)) exp

− [z − zc ]2
W2

!
(C.2)

where dT is the northern return flow increment in the temperature equation, Sn =
0.0206 m−1 is the strength of the northern flow, wu is the upwelling velocity, T is
the insitu temperature from the model, z is depth, zc = 23 m is the center of the
northwater intrusion, W = Wu = 12 m is z is above zc and W = W` = 10 m if z is
below zc .
The coefficients for the fit (τ, Sn , zc , Wu , W` ) were determined using a genetic
algorithm. Reasonable ranges for each parameter were chosen, 20 random sets of
parameters were generated, the fit to the data was determined, the top 6 were cho116
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Figure C.2: Contoured difference between modeled and observed T as a
function of STRATOGEM cruise and depth (a) before and (b) after
including northern flow.
sen, combined and mutated to generate 20 new sets and this was repeated until an
optimum parameter set was determined. Adding the lagged temperature signal to
the model greatly reduced the excess summer cooling seen at 5-10 m depth in the
original model (Figure C.2b) and reduced the root-mean-square error in temperature over the 40 m domain from 1.3 to 0.74 ◦ C.
The values obtained using the genetic algorithm are close to what was expected
theoretically. The time scale is slightly shorter; the initial guess was 5 days. The
shorter timescale implies much of the returned water is coming from closer than
originally considered. The depths are as expected, however they are deeper than
the anomalies seen in Figure C.2. Because the water column is being upwelled,
anomalies appear higher in the water column than the depth where the northern
return water originally enters the system. The strength parameter is the horizontal velocity of the return flow, normalized by the upwelling flow speed and the
horizontal lengthscale of the subduction (approximately 50 km). The horizontal
flow speed is expected to be smaller than, but on the order of, the estuarine flow
speed, v and by conservation of mass: v/wu = O(R/D) where R is the distance
from the river to S3 (approximately 25 km) and D is the depth of the surface flow
(approximately 12 m). This gives an estimate for Sn of less than but of order of
0.04 m−1 .
The genetic algorithm was run only on the temperature data. However, the
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influence of the northern return flow is also implemented for the nutrients (nitrate,
ammonium and silicon), DIC and dissolved oxygen. Adding the northern return
flow improves the nitrate agreement with the data to a lesser degree (not shown).
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Appendix D

Residence Time
In order to compare large sets of model runs, it is necessary to define model metrics
that condense outputs with high vertical and temporal resolution into single data
points. Temporal averages are particularly useful here, but the choice of temporal
averaging window is not arbitrary. I choose to define these temporal averages in
terms of the model residence time, or the average time a parcel spends in the model
domain before being removed or transformed.
Consider the concentration θ of a scalar in a box of constant volume V . If an
inflow F of concentration θs is added (and thus a mandatory outflow F of concentration θ is removed), the time rate of change of θ is given by
F
∂θ
= (θs − θ )
∂t
V

(D.1)

where V /F is the flushing time, or physical residence time, of the system (Bolin
and Rodhe, 1973). For the biophysical model discussed in chapter 2, it is more
useful to describe residence time as the convergence between scalar quantities in
two runs, θ i and θ j , which differ in initial conditions. In the case of the model,
residence time is not solely described by flushing, but is instead determined by a
set of sources and sinks summarized as the multivariable function F .
∂θi
= F (. . . , θ i )
∂t
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(D.2a)

∂θ j
= F (. . . , θ j )
∂t

(D.2b)

If we consider θ j to be a perturbation of θ i (θ j = θ i + ∆θ ) then we can expand
equation D.2b as a Taylor series.
∂ (θ i + ∆θ )
∂ F (. . . , θ i )
∂θ j
=
= F (. . . , θ i ) + ∆θ
∂t
∂t
∂θ
∂ 2 F (. . . , θ i )
1
+···
+ ∆θ 2
2
∂θ2

(D.3)

If we assume ∆θ to be small, which is a valid assumption where θ nears convergence, we can disregard the higher-order terms to produce an expression for ∆θ .
∂ (∆θ )
∂ F (. . . , θ i )
= ∆θ
∂t
∂θ

(D.4)

We now have an expression in the form of equation D.1
∂ (∆θ ) ∆θ
=
∂t
τ

(D.5)

where τ is the residence time of θ . Equation D.5 has an analytical solution
n to
∆θ = ∆θ0 exp −
τ

(D.6)

where ∆θ0 is the difference in θ between model runs at t = 0 and ∆θ < ∆θ0 /e is the
threshold for convergence. Thus the time required to reach convergence between
two models runs with difference initial conditions is the model residence time, or
the model spin-up time.
In order to quantify the model spinup time, I initialized model runs (θ j ) on
all STRATOGEM sampling dates according to section 2.1.4 and tested them for
convergence against a control run (θ i ) initialized on the first STRATOGEM sampling date. I chose six quantities to examine: two for model physics (T and S),
two for the biology (NO−
3 and chl a), and two for the carbonate chemistry (DIC
and TA). I used the water column maximum at each timestep and calculated the
15-day running mean of that timeseries for the convergence tests to account for
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Quantity
T
S
NO−
3
Chl a
DIC
TA

Threshold
0.2
0.2
1.0
0.5
15.0
15.0

Units
degC
µM
mg m−3
µmol kg−1
µeq kg−1

Table D.1: Difference thresholds for T , S, NO−
3 , chl a, DIC, and TA used for
determining convergence between runs.
high-frequency deviations in ∆θ .
The threshold ∆θ0 /e is not a sufficient convergence criterion for many sets of
model runs as ∆θ frequently grows or oscillates after reaching that threshold during
spinup. Thus, I adopt a more conservative definition of convergence for ∆θ that
I have verified graphically. I define convergence to occur when ∆θ falls below a
pre-defined threshold value for 30 days or more. I have defined threshold values
for T , S, NO−
3 , chl a, DIC, and TA (table D.1).
Model residence times are approximately constant for S, NO−
3 , DIC, and TA
across the STRATOGEM initialization profiles with the exception of isolated spikes
(figure D.1). Residence times are markedly longer for 2002 initializations, but
these times appear to be anomalies relative to the years that follow. Disregarding
the anomalies and spikes, these times average between 20 and 40 days (less for
S). By contrast, residence times for T and chlorophyll a are seasonally-variable
ranging from the order of a week to 2 months (figure D.1a and d). Seasonality of
T residence time is a product of the northern return physics as similar runs with
the northern return parameterization disabled did not demonstrate similar seasonal
variability. Seasonality of chlorophyll a residence time arises due to oscillations in
phytoplankton populations driven by grazing.
Since most residence times are between 20 and 40 days and approximately
constant, I chose to use 30-day averages to compare model outputs and observed
forcing quantities across multiple runs.
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Figure D.1: Model spinup times for (a) T , (b) S, (c) NO−
3 , (d) chl a, (e) DIC,
and (f) TA using each available set of initialization profiles from the
STRATOGEM dataset. Points are plotted according to the initialization
(profile) date.
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Appendix E

Correlation Lag
The sensitivity of model pH, ΩA , and DIC fluxes to local forcing parameters and
primary productivity (PP) is evaluated using linear regression between two time
averages. Determining the relationship between the averaging windows of the independent and dependent quantities of the regression is not arbitrary, as delayed
impacts of changes in windspeed and freshwater fluxes in the water column could
occur on the order of days to weeks. Collins et al. (2009) demonstrate strong correlations between spring bloom timing and averages of windspeed and cloud fraction
occurring more than a month earlier.
In the present study, a lag must be determined for a correlation between any
two quantities that both have variable time windows. pH3m and windspeed, for example, are two such quantities, while ΩAsur < 1 duration is not as it is a fixed model
run metric. Since I evaluate the sensitivity of pH3m (and fluxes of DIC) throughout the entire year, I determine a unique lag for each day, defined as the number
of days between the independent and dependent 30-day averaging windows that
produces the largest correlation coefficient (R2 ). I restrict the lag to a maximum of
30 days as correlations do not significantly improve beyond this limit. Lag values
that accompany the pH regressions in figure 2.12 and the DIC flux regressions in
figure 2.14 are presented in figures E.1 and E.2.
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Figure E.1: Timeseries of (a) the lag between 30-day backaveraged pH3m
and 30-day backaveraged U (bold), Qt (dash-dot), CF (solid), and PPint
(patch) that maximizes R2 , and (b) the corresponding optimized correlation of regression between the same metrics (as seen in figure 2.12).
Lags denote the shift between the end of the forcing or PPint backaveraging window and the plotted date. Lags are restricted to 30 days. Red
lines and patches indicate anticorrelation while black lines and gray
patches indicate positive correlation.
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Figure E.2: Timeseries of the lag between (a) 30-day backaveraged Φmix
DIC
(bold) and ΦPP
(patch)
and
30-day
backaveraged
U,
and
(b)
30-day
DIC
PP
backaveraged Φfresh
DIC (dash-dot) and ΦDIC (patch) and 30-day backaveraged Qt that maximizes R2 . Timeseries of the corresponding optimized correlation of regression between the same metrics (as seen in
figure 2.14) are included in (c) and (d). Lags denote the shift between
the end of the forcing backaveraging window and the plotted date. Lags
are restricted to 30 days. Red lines and patches indicate anticorrelation
while black lines and gray patches indicate positive correlation.
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