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Advancing Climate-Critical Ocean Carbon Observations Through New
Applications of Autonomous Technologies

by Emily Madison Hammermeister

The ocean is a critical component of the global carbon cycle. As global anthropogenic
carbon emissions continue to rise understanding the ocean’s role in carbon cycling has
become a major focus for scientific observation and intervention. The marine carbon-
ate system underpins the central role of the ocean both in moderating atmospheric CO2

and ocean pH, yet it remains poorly constrained in space and time, particularly in dy-
namic coastal environments. Traditional ship-based approaches constitute the ”gold-
standard” data quality but are sparse, seasonally biased, and resource-intensive, high-
lighting the urgent need for increased high-resolution observational strategies. In this
thesis I present new methodological approaches through the use of cutting-edge au-
tonomous technologies to address these gaps and advance the understanding of ocean
carbon. Here, I demonstrate that autonomous carbonate observations can approach the
quality of traditional methods while delivering unprecedented spatiotemporal cover-
age at reduced cost and carbon footprint. Lab-on-Chip pH and TA sensors on the Auto-
sub Long Range AUV yielded the first high-resolution carbonate characterisation from
autonomous sensors, detecting fine-scale coastal biogeochemical processes with ship-
comparable quality. An extended AUV deployment with dual pH sensors resolved
carbonate dynamics and air–sea CO2 fluxes while critically assessing sensor corrections
and uncertainties. Finally, multi-month autonomous reef observations in the Red Sea—
including the first stand-alone TA sensor on a coral reef—captured diel and seasonal
variability in different reef environments and provided carbonate chemistry character-
isation to an undersampled region. Collectively, this work advances both understand-
ing of ocean carbon dynamics and the capabilities of autonomous observation. I high-
light both the scientific insights (ranging from regional carbon cycling to reef metabolic
processes) and the methodological advances required for climate-critical ocean carbon
observation. By confronting the observational gaps of the marine carbonate system,
my doctoral thesis establishes novel autonomous technologies as a defensible strategy
to understand, monitor, and respond to ocean chemistry in a changing climate.
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Chapter 1

Introduction

1.1 The Marine Carbonate System

The marine carbonate system is among one of the most important components of
chemical oceanography because of its role in the global carbon cycle and in the
regulation of the Earth’s temperature. The ocean acts as a major natural reservoir for
carbon as it has absorbed over a quarter of atmospheric carbon dioxide (CO2), and is
capable of carbon storage on geologic timescales. As CO2 dissolves into the ocean, it
reacts with the seawater to form carbonic acid (H2CO3), which further disassociates
into bicarbonate (HCO –

3 ) and carbonate (CO 2–
3 ) ions:

H2O + CO2(aq) H2CO3
H+

HCO –
3

H+

CO 2–
3 (1.1)

The carbonate speciation described by Equation 1.1 is reflected by pH, which is equal
to the negative log of hydrogen ion concentration [H+] (Equation 1.2).

pH = −log[H+] (1.2)

As [H+], which is proportional to the ratio of [HCO –
3 ] / [CO 2–

3 ], increases, it protonates
seawater and pH decreases. Seawater pH is commonly reported on varying scales
(total, seawater, free, NBS) which differ in their inclusions or exclusions of the
interactions of the common conservative anions in seawater sulfate (SO 2–

4 ) and
fluoride (F–) with H+ (Bates, 1982; Dickson, 1984; Covington et al., 1985; Dickson, 1990,
1993; Carter et al., 2023). This thesis will refer to pH on the total hydrogen ion scale
(denoted pHT), which is defined as the sum of the substance contents of H+ and
hydrogen sulfate (HSO –

4 ) concentrations (Equation 1.3).
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pHT = −log([H+] + [HSO−
4 ]) = −log[H+]T (1.3)

The global (as of 2019, between 60°N and 60°S) average surface ocean pHT is 8.07
(Jiang et al., 2019). While dependent on temperature, pressure, and salinity, seawater
pH is most accurately determined spectrophotometrically using sulfonephthalein
indicator dyes, most commonly m-cresol purple (mCP). Potentiometric
glass/reference electrode cells are also commonly used for pH determination when
high precision and accuracy is not required (Dickson et al., 2007). Both
spectrophotometric and electrochemical modern measurement approaches are
calibrated on the total hydrogen ion scale (Carter et al., 2023). pH is one of four key
measurable parameters that define the marine carbonate system. The remaining three
are dissolved inorganic carbon (DIC), total alkalinity (TA), and partial pressure of CO2

(pCO2). DIC represents the sum of all dissolved inorganic carbon species:

DIC = [CO2] + [HCO−
3 ] + [CO2−

3 ] (1.4)

In the ocean, the concentration of DIC is independent of temperature and pressure,
and is mainly controlled by the biotic or abiotic production and consumption of
inorganic carbon species. DIC is typically measured by acidifying a seawater sample
to convert all carbonate species to CO2, which is then detected and quantified
coulometrically or spectroscopically in units of µmol kg-1 (Dickson et al., 2007). The
TA of seawater is defined as the number of moles of H+ equivalent to the excess of
proton acceptors over proton donors (Dickson, 1981). Therefore, TA is related to the
charge balance in seawater, and not only reflects the presence of carbon species but
also borate, silicate, phosphate, and other organic ions as expressed by Equation 1.5
from Dickson (1981).

TA = [HCO3] + 2 [CO3] + [B(OH)4] + [OH] + [HPO4] + 2 [PO4] + [SiO(OH)3]

+ [HS] + 2 [S] + [NH3] − [H] − [HSO4] − [HF] − [H3PO4]
(1.5)

Like DIC, TA is a conservative quantity, in that it remains unaffected by temperature
and pressure (Wolf-Gladrow et al., 2007a; Emerson and Hedges, 2008; Gattuso and
Hansson, 2011). TA is mainly driven by the change in the concentration of proton
acceptors in solution and their relative proportion with the number of proton donors
(Wolf-Gladrow et al., 2007a; Middelburg et al., 2020). The conservative nature of TA
and DIC is what makes them the robust, ”master” variables of the marine carbonate
system that control carbonate speciation. In the laboratory, TA is most commonly
determined by open-cell potentiometric titration with hydrochloric acid (HCl). A
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least-squares approach is used to identify the titration’s equivalence point and
determine alkalinity in µmol kg-1 (Dickson et al., 2007).

The fourth measurable key parameter in the marine carbonate system is pCO2, which
is related to the concentration of CO2 gas dissolved in seawater (Zeebe and
Wolf-Gladrow, 2001). Generally, pCO2 is measured by equilibrating a seawater sample
with a known gas phase, followed by determining the CO2 content using a gas
chromatograph or infrared detector (Dickson et al., 2007). When at equilibrium with
seawater, pCO2 is expressed in simple terms as:

pCO2 =
[CO2]

KH
(1.6)

where KH is Henry’s Law coefficient for CO2 (Emerson and Hedges, 2008).
Atmospheric CO2 is typically reported as parts per million (ppm), representing the
number of CO2 molecules in a given number of dry air molecules (a concentration),
whereas pCO2 is expressed in µatm, which is the gas phase pressure of CO2 (i.e., in the
air head space) that would be in equilibrium with the dissolved CO2 (Dickson et al.,
2007). Like pHT, pCO2 is non-conservative, and is temperature dependent. Measuring
pCO2 provides a direct assessment of the air-sea interface, and whether the ocean is a
sink or source of CO2 at a given moment (CO2 fluxes) or over a period of time (CO2

budget). Figure 1.1 summarises the key variables within the marine carbonate system
and how they fit into Equation 1.1:

FIGURE 1.1: Visualisation of the Marine Carbonate System, key variables, and their
relationships within

Measurements of two of the four key carbonate parameters (pH, DIC, TA, pCO2) can
be used to fully constrain the stoichiometry of the marine carbonate system through a
system of well-established stoichiometric and thermodynamic equations, and
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knowledge of the temperature, salinity, and pressure (Park, 1969; Millero, 1995, 2007).
This allows for the determination of carbonate parameters which cannot be measured
directly, like the aragonite/calcite saturation state (Ωarag/calc), a key indicator of
seawater corrosivity to marine calcifying organisms (CaCO3). The production of
CaCO3 by marine calcifying organisms is a fundamental biogeochemical process and
form of carbon storage (Berelson et al., 2007) that manifests in a variety of different
environments including reef structures built by corals and coralline algae, or as a vital
requirement to calcareous plankton (e.g., coccolithophores or foraminifera). The
production of CaCO3 (calcification) and the dissolution of CaCO3 can be described by
the reaction:

CaCO3(s) + H2O Ca2+ + CO2−
3 (1.7)

Aragonite is a more-soluble form of biogenic CaCO3, (compared to calcite), and is
often used for defining thresholds of marine calcifier health:

Ωarag =
[Ca][CO2−

3 ]

Ksp(arag)
(1.8)

where Ksp(arag) is the thermodynamic solubility product. Values of Ωarag < 1 signify
undersaturation with respect to aragonite and favourable conditions for mineral
dissolution. Conversely, values of Ωarag > 1 signify supersaturation and promote
mineral precipitation.

Taken altogether, while any two of the four measurable parameters can be used to
constrain the marine carbonate system, the choice of input pair is significant to the
quality and associated uncertainty of the calculated parameters. When possible,
minimising uncertainty with direct carbonate variable measurements improves the
understanding of the process being investigated. For example, direct measurements of
DIC are recommended for biological respiration and production studies, measured TA
for calcification and CaCO3 dissolution assessments, measured pH for precise
monitoring of ocean acidification, and measured pCO2 for air-sea interactions. When
measuring parameters directly, only analytical errors involved in the measurement of
the variable need to be considered (e.g., instrumentation, laboratory procedure).

When solving for carbonate variables that are not directly measured, the uncertainties
associated with the complex seawater acid-base chemistry are introduced and
propagated. Fully constraining the marine carbonate system involves resolving
several equations describing acid-base reactions in seawater, equilibrium constants,
and total contents of acid-base pairs in addition to two measured input variables
(Figure 1.2). Each of these components carry with them sources of uncertainty which
propagate through to the calculated properties. Additionally, the widely adapted
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packages (e.g., CO2SYS, Seacarb, Ocean Data View) that compute marine carbonate
chemistry each have associated error that contributes to the final calculate values (Orr
et al., 2015). Specifically, the selection of the thermodynamic constants (e.g.,
K1, K2, Ks, KF), for which multiple published parametrisations and values exist and are
implemented differently across packages impact carbonate system calculations.
Because these constants are empirically derived over specific temperature–salinity
(and sometimes pressure) ranges, the chosen constant combination introduces its own
(often systematic) distinct uncertainty that should also always be considered.

FIGURE 1.2: Schematic taken from Carter et al. (2023) that illustrates the parameters
necessary for input to calculate carbonate chemistry variables. Physical measurements
are shown with pink-colored backgrounds, total contents of acid-base species are in
light green, thermodynamic constants are in gray, and carbonate chemistry variables

in yellow.

Each measured input pair combination carries with it uncertainties—separate from
their individual analytical uncertainties—when determining the remaining carbonate
variable(s). Calculations that use the pH—pCO2 pair are particularly problematic
because they rely heavily on highly non-linear, thermodynamic constant-dependent
equilibria, yielding large propagated uncertainties (Orr et al., 2018). Calculations that
use either TA or DIC paired with either pH or pCO2 are generally best because they
pair a robust bulk inventory constraint (TA or DIC) with an independent speciation
constraint (pH or pCO2) which reduces sensitivity to thermodynamic constant errors
and minimises uncertainty amplification. This is supported by the combined standard
uncertainties shown in Table 1.1, which are synthesized from Orr et al. (2018) and are
consistent with long-established principles on whether two seawater measurements
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provide similar or independent information to constrain the carbonate system
(Dickson and Millero, 1987; Millero, 2007; Mclaughlin et al., 2015; Carter et al., 2024).

TABLE 1.1: Propagated percent combined standard uncertainties of output variables
based on input pair as synthesised from (Orr et al., 2018)

Input Pair pH DIC TA pCO2 Ωarag

TA – DIC 3.0 — — 3.5 4.9
pH – TA — 0.6 — 3.5 5.6
pH – DIC — — 0.6 3.2 5.9
pCO2 – pH — 3.7 3.8 — 7.8
pCO2 – TA 2.3 0.5 — — 5.4
pCO2 – DIC 2.5 — 0.7 — 5.8

1.1.1 In the Context of Climate Change

Atmospheric CO2 has increased by over 52% since the onset of the anthropocene, with
global concentrations reaching 422.45 ppm in 2024, compared to pre-industrial levels
of ∼278 ppm in 1750 (Figure 1.3; Friedlingstein et al. 2025; Calvin et al. 2023). Total
anthropogenic carbon emissions in 2024 exceeded 11.4 GtC yr−1, which is 0.3 GtC yr−1

higher than in 2023 (Friedlingstein et al., 2025). The human-induced rise in
atmospheric CO2 (in addition to other greenhouse gasses) is unequivocally the
primary driver of observed global temperature increases, termed global warming,
with mean surface temperatures 1.1°C higher than pre-industrial levels (Arias et al.,
2021). There is, however, another CO2 problem (Doney et al., 2009). It is well-defined
that the ocean is a critical component of the global carbon cycle and plays a crucial
role in moderating the rise in atmospheric CO2 and accompanying climate changes
(e.g., global warming), by absorbing CO2 (Gattuso and Hansson, 2011). The global net
uptake of CO2 by the oceans, known as the ocean sink, was 2.9 ± 0.4 GtC yr−1 in the
last decade, accounting for 26% of anthropogenic CO2 annually (Friedlingstein et al.,
2025; Quéré et al., 2009a). While atmospheric CO2 continues to rise and the ocean
continues to take up more CO2, the ocean’s capacity to absorb surplus anthropogenic
CO2, or buffer global climate change, has decreased (Feely et al., 2004; Tans, 2009). In
fact, recent models suggest the ocean’s buffer capacity could continue to decrease as
much as 34% by 2100, likely accelerating the response of chemical properties in the
ocean (Jiang et al., 2019). Extrapolating from Equations 1.1, 1.2 and Figure 1.1, it is
evident that as more CO2 dissolves in the ocean, there is a net addition of [H+], which
decreases the pH of seawater in a process known as ocean acidification (OA) (Caldeira
and Wickett, 2003). Figure 1.3, from Lan et al. (2023), clearly presents the in situ
observations of increasing atmospheric CO2 and seawater pCO2, decreasing seawater
pH, and their respective inverse relationships with each other over decadal timescales.
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FIGURE 1.3: Long-term atmospheric and oceanic CO2, pH, and pCO2 time series. Red
points show atmospheric CO2 (ppm) measured at Mauna Loa Observatory, Hawai’i
(Keeling et al., 1976). Blue points show surface seawater pHT over time. Green points
show surface seawater pCO2 (µatm) over time, both from Station ALOHA, calculated
from discrete measurements of DIC and TA collected during Hawaii Ocean Time-
series (HOT) cruises. Image from PMEL Carbon Program (2024) with data sources:
Mauna Loa Observatory (NOAA Global Monitoring Laboratory, 2025) & Hawai’i

Ocean Time Series station ALOHA (HOT, 2025).

Since 1750, the average pH of the global surface ocean has decreased by ∼0.11,
indicating acidification of 30% (Caldeira and Wickett, 2003; Orr et al., 2005; Jiang
et al., 2019). Presently, pH is declining at a rate of ∼0.002 yr-1 (Jiang et al., 2019; Ma
et al., 2023; Feely et al., 2024), but current adopted Shared Socioeconomic Pathways
(SSP) models project pH to reach 7.68 by 2100 under high-emission, low-mitigation
simulation (SSP-8.5; Kwiatkowski et al., 2020; Jiang et al., 2023). Decreasing pH
reflects the shifting equilibria of the marine carbonate system (Equation 1.1) as CO2

increases and
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FIGURE 1.4: The Bjerrum plot (Zeebe, 2012; Wolff, 2007) demonstrates the shift in
carbonate system speciation as a function of pH.

Ocean carbonation and acidification affect nutrient bioavailability to marine
organisms as well as trace element speciation changes (Byrne, 2002). There is also
evidence that particle sinking behavior is affected by acid-base equilibria, suggesting
that vertical fluxes (e.g., the biological pump) may reduce under OA conditions
(Sunda and Hanson, 1987; Millero, 2007). One of the most well-known implications of
OA, however, is the threat to calcifying organisms. Definitionally, CaCO3 precipitation
is controlled by the concentration of carbonate ions (Equation 1.7, Figures 1.1), which
decreases under ocean acidification (Figure 1.4), resulting in water conditions
becoming chemically corrosive to aragonite and calcite (Ωarag/calc < 1). Severe
decreases in calcification rates and degradation of calcareous structures have been
observed in response to ocean acidification and decreasing [CO2 –

3 ] across multiple taxa
(Feely et al., 2004; Barton et al., 2012). Calcifying organisms such as corals, pteropods,
coccolithophores, and bivalves face reduced capacity to build and maintain their
calcium carbonate skeletons and shells, often leading to slower growth, weakened
structures, and greater vulnerability to dissolution (Orr et al., 2005; Kroeker et al.,
2013). These risks and implications extend beyond individual species, as reef
frameworks, planktonic calcifying producers, and shellfish populations all play
fundamental roles in supporting biodiversity, biogeochemical regulation, fisheries,
and coastal protection. The sensitivity of these processes in the face of changing
marine chemistry points to the importance of understanding not only global trends
but also local variability of carbon cycling.
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1.1.2 Coastal Processes

The changing ocean carbonate system is affecting the very basis of the marine food
web and biogeochemical balance of the ocean. Consequentially, it is a direct threat not
only to ocean health but to human prosperity, by threatening food and economic
security. Today, 80% of megacities are coastal, and over 40% of the growing
population live within 200 km of the ocean, making human reliance on the ocean’s
resources ever-increasing (Byrne, 2014). Although coastal regions only represent
around 7% of total ocean surface area, they comprise more than 50% of economic
value of the ocean’s total services (Lønborg et al., 2021; Costanza et al., 2014).
Furthermore, as the most biogeochemically active zones in the ocean, coastal systems
are disproportionately important in the global carbon cycle (Gattuso et al., 1998).
Carbon cycling in coastal waters and along the land-to-ocean transition is complex,
dominated by dynamic and intertwined geochemical, physical and biological
processes which vary at relatively short temporal and spatial scales. Our
understanding of the mechanisms that drive these processes and their role in global
carbon cycling is poor and limited by our ability to collect biogeochemical and, more
specifically, carbon system data at high spatial and temporal resolution. This thesis
provides examples of how autonomous technology can provide the observations
needed to better understand carbon cycling and biogeochemical processing,
demonstrated in two distinct key coastal systems (Shelf Seas and Coral Reefs).

Shelf Seas

Continental margins, defined by shelf seas and nearshore environments, support
intense biological production, see strong gradients in temperature, salinity, and
nutrients, and act as a major interface for carbon between land, sea, and atmosphere
(Borges et al., 2005; Laruelle et al., 2014; Cai, 2011). From their complex physical,
biogeochemical, and anthropogenic influences, coastal systems exhibit high
variability, which complicates upscaling local observations to global assessments.
These highly productive regions— accounting for 15–30% of global oceanic primary
production— are characterized by enhanced air-sea CO2 fluxes and are particularly
vulnerable to anthropogenic forcings like OA and eutrophication (Gattuso et al., 1999;
Duarte et al., 2013; Marrec et al., 2015). Understanding the influence of the coastal
ocean is essential for resolving the trajectory of marine carbonate chemistry, yet it
remains among some of the most uncertain components of the global carbon budget.

Shelf seas, such as the Celtic Sea, are highly productive transitional zones. The Celtic
Sea, situated on the northwest European continental shelf is bounded by Ireland, the
UK, and the Bay of Biscay (Figure 1.5). It exhibits strong seasonal cycling and
stratification, which drive the development of spring plankton blooms,
respiration-dominated bottom waters, and air–sea CO2 exchange (Humphreys et al.,
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2019; Cai, 2011). Like many shelf seas, it is estimated to contribute disproportionately
to the global ocean sink, with shallow depths and benthic–pelagic coupling driving
variability in carbonate chemistry that often exceeds that of the open ocean
(Frankignoulle and Borges, 2001; Chen et al., 2013; Laruelle et al., 2018; Mathis et al.,
2024). Despite it’s ecological and economic significance, carbonate system
observations in the Celtic Sea remain sparse and fragmented, historically limited to
discrete sampling from research cruises, surface underway measurements, or
predictive models (Borges and Frankignoulle, 2003; Hartman et al., 2014; Marrec et al.,
2015; Humphreys et al., 2019). Chapters 2 and 3 of this thesis address this gap, by
demonstrating and critically evaluating novel autonomous ocean observing
technologies, methodologies, and analyses for capturing carbonate and
biogeochemical variability across a range of spatial and temporal scales. Chapters 2
and 3 contribute results that help to better constrain the role of the Celtic Sea in
regional and global carbon budgets (Figure 1.5).

Coral Reefs

Coral reefs are among the most biodiverse and valuable ecosystems on Earth,
supporting human livelihoods through fisheries and tourism, while also providing
natural coastal protection. They are biogeochemical hotspots for calcification and
organic production, where photosynthesis, respiration, calcification, and dissolution
often drive strong carbonate and biological diel variability (Gattuso et al., 1998;
Cyronak et al., 2018; Cryer et al., 2023). These processes define a reef’s metabolism,
where net community calcification (NCC) and net community production (NCP)
shape reef health and resilience on timescales ranging from hourly to decadal
(Kayanne, 2025). Healthy reefs are characterized by sustained NCC exceeding
dissolution and erosion, whereas reduced NCC or shifts toward NCP-dominated
states often reflect stress or degradation (Andersson and Gledhill, 2013; Smith et al.,
2016). Stressed or degraded reefs experience loss of resilience, which can lead to a
benthic phase shift from predominantly coral cover to fleshy algae or other
opportunistic species (Hughes et al., 2007). Globally, climate change induced stressors
including OA and rising sea surface temperatures (SST) are linked to bleaching
events, declining NCC, and shifts in reef metabolic balance (Bellwood et al., 2004;
Hoegh-Guldberg et al., 2007; Erez et al., 2011; Heron et al., 2016; Davis et al., 2021).

The Red Sea provides a distinctive and understudied setting to investigate these
dynamics. Dividing Africa and Asia, the Red Sea is a long, semi-enclosed basin
connected to the Indian Ocean via the Bab el Mandeb strait (via the Gulf of Aden), and
is among one of the warmest, most saline, and most oligotrophic bodies of water on
Earth (Roder et al., 2013). Year-round temperatures range from 25–32°C, even
exceeding 37°C in certain reef zones (Roik et al., 2016; Davis et al., 2011; Rich et al.,
2022), yet the Red Sea is home to some of the world’s most productive, endemic, and
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diverse coral ecosystems, with reef frameworks spanning its entire coastline
(DiBattista et al., 2016; Fine et al., 2019). Despite its characteristically extreme
conditions, the Red Sea is not immune to climate change. Between 1998 and 2015,
regional net contribution of hermatypic (reef-building) coral to the CaCO3 budget
declined by ∼100%, and calcification rates altogether declined by 26% (Steiner et al.,
2018). Even with growing knowledge of Red Sea hydrography and ecology, there are
few continuous carbonate system observations, with existing records limited to
spatiotemporally infrequent discrete sampling.

Chapter 4 of this thesis presents the first high-resolution autonomous carbonate
chemistry observations from a coral reef in the central Red Sea (Figure 1.5). By
capturing multi-month variability across sites with different benthic community
compositions, this chapter resolves both seasonal and diel cycles of reef metabolism
and carbonate dynamics. Critically, this work also demonstrates the first deployment
on any coral reef of a standalone autonomous TA sensor. Chapter 4 examines this
deployment effort and its observations as a tool for evaluating reef metabolic balance
in a region often cited for its apparent resilience, and reinforces the broader need for
sustained, high-resolution carbonate measurements in coral reef systems.

Ultimately, improving observational coverage, critical analysis, and mechanistic
understanding of coastal systems is required for reducing uncertainties in marine
carbon chemistry and the global carbon budget as well as refining climate projections
for policy discourse and mitigation efforts.
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FIGURE 1.5: Map showing the global study regions investigated in this thesis. The
Celtic Sea (Chapters 2 and 3) outlined in orange, and the Red Sea (Chapter 4) outlined

in green.

1.2 Ocean Carbon Observation

The marine carbonate system (inorganic carbon) has been formally designated as an
Essential Ocean Variable (EOV) by the Global Ocean Observing System (GOOS) for
sustained measurement (IOCCP, 2017). This recognition points to the urgency for
better understanding the ocean’s role in global carbon cycling. This push calls for
reinforcement of the base of the ocean carbon value chain, which links ocean carbon
observations to climate models, and ultimately to informed decision-making on
emission regulations and mitigation strategies (Tanhua et al., 2019). The utility of the
carbon value chain, however, hinges on the quality and availability of the in situ
observational data. The Global Ocean Acidification Observing Network (GOA-ON)
has defined two quality objectives, climate and weather, as criteria for carbonate
system observations (Newton et al., 2019). Climate quality observations, intended to
resolve long-term climactic trends, require uncertainties of 0.003 in pH (total scale),
±2 µmol kg–1 for TA and DIC, and ∼0.5% for pCO2. Climate quality standards are
presently achievable by few laboratories, but rarely achieved using autonomous
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instrumentation. Weather quality objectives, by contrast, are designed to capture
shorter-term variability and require uncertainties of ∼0.02 in pH, ± 10 µmol kg–1 for
TA and DIC, and ∼2.5% for pCO2. Weather quality criteria is expected to be met by
most competent laboratories, and high-quality, advanced technology readiness level
(TRL) sensors with (Orr et al., 2018; Newton et al., 2019). Together, observations
meeting climate and weather quality criteria form complementary tiers of the
observing system, with the former providing essential reference baselines and the
latter typically enabling sustained, high-resolution coverage.

Ship-based programs such as the Global Ocean Ship-Based Hydrographic
Investigations Program (GO-SHIP), the Ships of Opportunity Program (SOOP), and
data synthesis networks including the Global Ocean Data Analysis Project (GLODAP)
and the Surface Ocean CO2 Atlas (SOCAT) have provided the foundation of our
current understanding of the marine carbonate system and subsequent processes
(Feely et al., 2010; Bakker et al., 2016; Olsen et al., 2016; Wanninkhof et al., 2020). These
coordinated efforts have produced climate-quality datasets that continue to serve as
the benchmark for models and inventories of anthropogenic carbon storage. While
these programs have provided valuable knowledge for decades, in the face of a
rapidly changing climate, data availability is still scarce in time and space, leading to
large uncertainties and discrepancies between models and observations
(Friedlingstein et al., 2022; Hauck et al., 2023; Friedlingstein et al., 2025). Although
ship-based operations provide the highest-quality observations and remain as the
”gold standard” for climate-quality inorganic ocean carbon monitoring, they face
several limitations (Table 1.2). Research vessels are expensive to operate,
labour-intensive, require long transit times, and often exhibit strong seasonal biases,
particularly in polar seas where access is restricted to summer months (Lee et al.,
2022b). Ship-based observations also struggle to capture the interannual and
sub-seasonal variability that drives much of the spatiotemporal complexity in ocean
carbon cycling, especially in coastal regions. Moreover, the global science community
seeks to decarbonize oceanographic research and reduce the substantial carbon
footprint of research vessels, in line with international governmental consensus
(UNESCO-IOC, 2025). Collectively, these challenges highlight the need for
complementary observing strategies that can increase spatiotemporal coverage and
resolution, and reduce the (environmental and financial) costs of research, while still
achieving current scientific and societal objectives.
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TABLE 1.2: Comparative matrix of traditional ship-based and autonomous oceanographic observation using SWOT framework.

Ship-Based Autonomous

Strengths

• Climate-quality, ”gold-standard” measurements

• Tried and tested, trusted methods & QA/QC

• On site human expertise and flexibility

• Multi-parameter analysis from single discrete sample

• Only option for variable determination

• Persistent, high-resolution sampling across space/time

• Lower marginal cost per observation

• Reduced carbon footprint

• Physical access to harsh regions

• Remote data transfer

• Seasonally flexible

• Open access databases

Weaknesses

• Sparse in time and space

• Costly

• Seasonal and/or weather-limited

• High operational carbon footprint

• Labour intensive, human error

• Limited coverage between cruises

• Ship schedule dependent

• Equipment biofouling

• Instrument drift & calibration/QA issues

• Energy and communications constraints

• Many sensors remain low TRL or unavailable

• Barriers to entry include proprietary technology,

capital requirements, & learning curves

Opportunities
• More hybrid efforts: ship–autonomy integration (SOOP)

• Fleet decarbonization (routing, alternative fuels)

• Cross-calibration/validation of networks and models

• Expanding open access databases

• Docking/recharge stations & energy harvesting

• Standardized, scalable, modular operations

• Maturing legal/policy frameworks

• Capture process-scale variability

• More data to improve models

• Machine learning for adaptive sampling

Threats

• Budget and emissions policies may reduce sea time

• Certified Reference Material production

• Persistent gaps if not integrated with autonomy

• Specialized personnel capacity

• Regulations (navigation, regional jurisdiction, IP)

• Research and development funding

• Platform loss, or failure risks without redundancy

• Raw materials & parts supply
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1.2.1 Autonomous Platforms and Sensors

The emergence and expansion of autonomous observing platforms and
instrumentation provide a scalable and sustainable way forward to increased
oceanographic sampling and data availability. Profiling floats, underwater gliders,
and uncrewed surface vehicles have already transformed global monitoring of
oxygen, nutrients, and other properties throughout the water column, and are now
increasingly being equipped with carbonate sensors (Martz et al., 2015; Bushinsky
et al., 2019; Whitt et al., 2020). These technologies begin to fill critical temporal and
spatial gaps needed to constrain all parameters of the ocean carbonate system,
processes, and ecological responses, as well as extending observations into regions
inaccessible to ships, and provide the resolution required to capture diel-to-seasonal
variability (Figure 1.6).

FIGURE 1.6: Illustration of the observational capabilities and gaps as a function of time
and space in observing multiple ocean carbonate system processes from Bushinsky
et al. (2019). The x-axis represents spatial domains from meters to global scales. The
y-axis represents hourly–decadal timescales. Colored shaded regions highlight differ-
ent ocean processes occurring in space and time. Conventional (ship-based) observing
spatiotemporal capabilities are outlined in thin red lines. Autonomous observing spa-
tiotemporal capabilities are outlined in thick black lines. The small black + signs show

areas for expansion in observation.
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Fixed ocean platforms such as moorings and seabed landers are some of the most
robust and mature autonomous measurement platforms and provide long-term,
records of physical and biogeochemical parameters including inorganic carbon
(mainly pCO2 and pH), vital for understanding seasonal to interannual environmental
variability at key locations. The Moored Autonomous pCO2 (MAPCO2 ;
https://www.pmel.noaa.gov/) system, for example, operates and maintains global
moored buoys that provide climate-quality observations of air-sea CO2 dynamics
(Sutton et al., 2014). The Porcupine Abyssal Plain Sustained Observatory (PAP-SO, est.
1989) operates as a multi-disciplinary open-ocean time series site in the NE Atlantic
focused on monitoring EOVs such as ocean temperature, salinity, pH, CO2, oxygen,
nutrients, benthic ecology, and more from the surface to the seafloor and throughout
the water column (Lampitt et al., 2010; Hartman et al., 2021; Gates et al., 2021).
Additionally, regional cabled and moored array infrastructure maintained by the
Ocean Observatories Initiative (OOI) around the Americas host platforms and sensors
tied to fiber optics, which deliver real-time data streams of more than 900 deployed
instruments, including measurements of in situ pCO2 and pH over multi-year
timescales and across the full water column (Kelley et al., 2016; Trowbridge et al.,
2019). Chapter 4 of this thesis demonstrates the value of fixed point observations in
understanding high-frequency biogeochemical processes in highly dynamic marine
environments such as coral reefs.

Profile floats are compact, low-consumption, buoyancy-driven, autonomous
platforms that continuously profile the water column, while maintaining drift at
depth and periodically surfacing to transmit data. The Biogeochemical Argo Float
Program (BGC-Argo) is a global array of autonomous profiling floats equipped with
sensors to measure biogeochemical EOVs, and now generate global pH datasets
producing more than five times as many pH profiles annually as ship-based
measurements (Roemmich et al., 2019; Claustre et al., 2020). Underwater autonomous
gliders, propelled by variable-buoyancy systems and wing lift, provide sustained,
high-resolution horizontal sections and vertical profiles of pH, pCO2, oxygen, and
nutrients across shelf seas and boundary currents. Successful deployments of pH and
pCO2 of sensors integrated onto gliders include missions conducted off the United
States Northeast coast, (Saba et al., 2019, 2018), the Gulf of Alaska (Hauri et al., 2024),
the Labrador Sea (von Oppeln-Bronikowski et al., 2021; Morgan et al., 2025), and
within the California Current System (Takeshita et al., 2021).

Uncrewed Surface Vehicles (USVs) offer long-endurance, wind or wave-powered
operations that can carry large payloads. Saildrone and Wave Glider USVs have been
equipped with systems such as the Autonomous Surface Vehicle CO2 (ASVCO2),
enabling basin-scale, high-resolution CO2 air-sea flux quantification in regions
previously inaccessible to ships (Sabine et al., 2020; Sutton and Sabine, 2023). Similar
pH and pCO2 instrumentation systems have been integrated onto Wave Gliders

https://www.pmel.noaa.gov/
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including coastal observation deployments by Chavez et al. (2018) and Northcott et al.
(2019).

Autonomous Underwater Vehicles (AUVs) are self-contained, untethered vehicles
designed to operate underwater without human intervention. AUVs use sensors,
onboard computers, and propulsion systems to navigate the ocean and collect data
(Bellingham, 2009; van Rein, 2018). They are self-powered, with their energy stored
onboard, typically in the form of high-capacity batteries. AUVs are equipped with
rugged hardware including pressure vessels that house sensitive electrical
components. The AUV’s outer shell, or fairing, must be able to withstand harsh
conditions of the ocean environment such as biofouling, extreme temperatures, or
high wave energy. These vehicles have been increasingly equipped with scientific
sensors, yet only few AUV deployments have integrated pH or pCO2 sensors (e.g.,
Monk et al. 2021). Chapters 2 and 3 of this thesis directly address this gap by
presenting and evaluating new capability in ocean carbon observations using novel
sensors integrated in state-of-the-art AUVs.

Despite rapid advances in platform technologies during the last decade, available
sensor technology still limits our ability to collect high-quality carbon system
observations. As clearly showcased above and in Table 1.3, pH and pCO2 are the only
carbonate variables that can be measured directly with commercially available sensors
suitable for autonomous platforms (Byrne, 2014; Martz et al., 2015; Bushinsky et al.,
2019). While these sensors have reached relatively high technology readiness levels,
characterising the seawater carbonate system from pCO2 and pH observations
propagates uncertainties that are too large for calculating key parameters such as CO2

flux, carbon budgets and saturation states (Table 1.1). As it stands, measurement of
DIC and TA are limited to lab-based benchtop instrumentation. This disparity
between available technology and measurement needs is illustrated below in
Table 1.3, which summarizes the current commercial sensor availability. Significant
effort has been invested in the last decade in developing sensors that would fill this
gap. This thesis demonstrates the potential of some of these technologies in providing
better quality ocean carbon observations and better constraining ocean carbon cycling.
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TABLE 1.3: Current commercially available carbonate technology categorized by level
of autonomy.

Adapted from Martz et al. (2015); Byrne (2014); Bushinsky et al. (2019)

BENCHTOP 1 UNDERWAY 2 AUTONOMOUS 3

DIC
VINDTA 3D/3C (Marianda)

AIRICA (Marianda)
AS-C3 (Apollo SciTech)

TA
OMNIS, Titrando, HydroFIA (CONTROS/4H Jena)

Ti-Touch (Metrohm)
VINDTA 3S/3C (Marianda)
AS-ALK2 (Apollo SciTech)

pH
AFT-pH (Sunburst Sensors) SAMI-pH (Sunburst Sensors)

SP200-SM (SensorLab) SeaFET (Sea-Bird Scientific)
FireSting-PRO (PyroScience) SP101-LB (SensorLab)

Pico-pH (PyroScience) AquapHOx (PyroScience)
IQ SensorNet 2020 (YSI) Pico-PH-SUB (PyroScience)

QC1250 (ANB Sensors)
LOC pH Sensor (ClearWater Sensors)

pCO2

GO 8060 (General Oceanics) Seaology (Battelle)
MOG 701 (Kimoto) SAMI-CO2 (Sunburst Sensors)

SuperCO2 (Sunburst Sensors) HydroC (Contros)
OceanPack (SubCtech) CO2-PRO (Pro-Oceanus)

AFT-CO2 (Sunburst Sensors) OceanPack (SubCtech)
AS-P2 (Apollo SciTech) C-Sense (Turner Designs)
SUNDANS (Marianda)

1 Benchtop auto-assisted instruments for analysis of discrete samples.
2 Underway systems on ships for semi-autonomous flow-through sampling, externally

powered, often non-submersible and fixed onboard.
3 Autonomous sensors for in situ sampling, internally powered.
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Lab-On-Chip Sensors

Lab-on-Chip (LOC) technology offers miniaturisation of high-performance
wet-chemical analyses into low-power, low-reagent autonomous instruments suitable
for fixed and mobile platform integration (Manz et al., 1990; Jokerst et al., 2011; Rérolle
et al., 2013; Yin et al., 2021). Compared with typical, reagent-based analysers, LOC
technology offers integration of fluidic components (e.g., mixers, detectors, valves,
etc.) within a microfluidic chip reducing the need for fluidic and electrical connectors
and complexity in general and improving robustness and reliability. The integrated
nature of this technology also reduces size and power consumption and keeps reagent
consumption to a minimum enabling long unattended deployments (e.g., longer than
a year). The specialized capabilities of LOC in achieving laboratory-quality in situ
measurements has made them a valuable tool for environmental monitoring (Campos
and Silva, 2013).

LOC based sensors have been in development at the National Oceanography Centre
(NOC) for the last two decades. The NOC LOC wet chemical sensor platform is a
miniaturised, robust (6000 m depth-rated), autonomous chemical analyser specifically
developed for integration on autonomous platforms. The sensor comprises a
high-precision pump, miniaturised valves, pressure-tolerant electronics and optics,
outer housing for reagent bags, and a microfluidic chip manufactured using patented
methodologies (Figures 1.7 and 1.8)

FIGURE 1.7: Schematic of an assembled LOC sensor (left) with reagent bag housing,
mounting rod for bags to hang, and main sensor with zoomed inset (right) showing
cross-section of main sensor housing, which oil-filled and encapsulates the microflu-

idic chip and mechanical components of the sensor.
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The central component of an LOC platform is a round three-layer dark poly(methyl
methacrylate) (PMMA) chip (Figure 1.8 whose microfluidic channels are micro-milled
out before each layer is bonded together (Ogilvie et al., 2010; Beaton et al., 2022). The
chip also forms the end cap to the underwater housing, allowing it to withdraw in situ
seawater samples. The outside layer of the chip contains tapped fluidic ports, while
the middle layer contains encapsulated nuts that the pump and valves are fixed to.
The inside layer contains the milled microfluidic channels, optical cells, light sources,
and light detectors (Figure 1.8).

FIGURE 1.8: Close up image (left) of the inside of an LOC sensor showing the mi-
crofluidic chip, syringe pump, valves, and electronic board. Zoomed schematic (right)
of and example deconstructed three layers of the microfluidic chip shown prior to

bonding.

Different fluidic layouts in the microfluidic chip allow for implementation of most
reagent-based analytical assays (Figures 1.9a and 1.10a). These assays are all based
upon certified or trusted, existing ”gold standard” laboratory methods enabling
intercomparison with existing datasets and facilitating transition from traditional
sample-based measurements. Differences between LOC variants are mostly limited to
the fluidic layout, which enables improved robustness and reliability (through more
extensive testing and focused design effort), in addition to economies of scale. Low
sample requirements for analysis (<1 mL) enables the use of small filter inlets (e.g.,
0.45 µm pore size syringe filters) reducing biofouling during long deployments, while
the small volume of analytical waste produced can be stored onboard avoiding
potential impacts when deployed within sensitive ecosystems such as coral reefs.
Integration on autonomous platforms is enabled by simple mechanical integration
and by utilizing the power and communications (RS232) interface provided. For the
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latter, a command set enables external control and triggering of pre-programmed
states as well as either platform driven (polled) or sensor-initiated transfer of data.

LOC sensors are particularly advantageous for autonomous ocean observing because
they make discrete in situ measurements by withdrawing a small sample volume of
seawater, rather than relying on membrane-based diffusion and/or equilibration
processes seen in other sensors. As a result, LOC sensors do not experience a response
time, meaning a change in the surrounding environment will be detected immediately
during sample intake, and not require multiple measurements to re-equilibrate.
Additionally, the long-term stability of the indicator dyes and photometric principle of
the measurements, which are independent of changes in detector sensitivity and light
source intensity, make LOC sensors far more resistant to drift compared to other
optical or electrochemical chemical sensors (Müller and Rehder, 2018; Mosley et al.,
2004; Rérolle et al., 2012). The reagent-based nature of LOC sensors also allow for the
instruments to carry extra onboard standards and calibration material, which improve
quality control efforts and measurement validation (shown in Chapter 4).

Currently, several assays have been implemented on the current version of the LOC
platform including nitrate/nitrite, phosphate, silicate, iron and pH, all of which have
been commercialised and can be supplied by Clearwater Sensors LTD (CWS;
https://www.clearwatersensors.com/). These sensors have been deployed by NOC
and many end-users globally, integrated on stationary and moving autonomous
platforms for diverse applications including nutrient run-off monitoring, ocean
biogeochemical monitoring and for detection of CO2 leakage from sub-seabed CO2

storage sites (Beaton et al., 2017; Geißler et al., 2017; Monk et al., 2021; Possenti et al.,
2021; Schaap et al., 2021a; Yin et al., 2021; Beaton et al., 2022). Analytical assays for
ocean DIC and TA measurements have also been implemented on this LOC platform
over the last decade reaching higher TRLs in spring 2022 during the demonstration
trial in the Celtic Sea (DY149; Chapter 2). The TA sensor has been demonstrated in
several applications including monitoring sub-seabed CO2 storage sites in estuaries
(Schaap et al., 2021a) and on autonomous platforms (Chapter2; Hammermeister et al.
2025; Chapter4). In addition, a combined TA/DIC system (TADIC) is currently under
development (both TA and DIC measurements from a single LOC platform). The
ability to measure two carbonate system variables from a single platform will enable
complete carbonate system characterisation by small autonomous platforms such as
gliders and profiling floats, which generally have limited payload capacity. The LOC
sensors used in this thesis are the pH sensor (Chapters 2, 3, and 4) and the TA sensor
(Chapters 2 and 4) developed and operated by NOC.

Lab-On Chip pH Sensor

The LOC pH sensor determines pH on the total proton scale photometrically using
purified mCP indicator dye (Yin et al., 2021). The sensor operates by using large and

https://www.clearwatersensors.com/
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small barrel pumps respectively to withdraw a 700 µL seawater sample and then inject
3 µL of indicator dye (Figure 1.9). The sample-indicator solution transfers slowly (57
µL min-1 through the serpentining microfluidic channels, which forces the dispersion
and diffusion of the indicator into the sample (Figure 1.9). Light-emitting diodes
(LEDs) illuminate the solution within the optical cell at wavelengths (λ) of the
protonated and deprotonated mCP absorbance maxima (434 and 578 nm respectively).
Absorbance measurements (Aλ) are made within the optical cell over time using
photo diode (PD; Figure 1.9a) detectors, which yield the Taylor-Aris dispersion curve
used to calculate pH (Seidel et al., 2008; Rérolle et al., 2013). Each measurement
sequence takes 8 minutes to complete, which includes two sample rinses (for reference
absorbance measurement), sample withdrawal, dye injection, absorbance
measurements, and sample discharge (Yin et al., 2021). The mCP reagent and waste
are stored onboard in flex bags and connected to the sensor using peek tubing.

FIGURE 1.9: Lab-On-Chip pH sensor diagram of the (a) microfluidic channel
schematic and (b) CAD design of the microflidic channels within the chip. Diagram

adapted from Yin et al. (2021).

The sensor measures pH (pHT,m) at the temperature within the optical cell (tm) using
internal thermistors (Figure 1.9a) and according to equation 1.9:

pHT,m = − log(K2e2) + log

(︄
R − e1

1 − R e3
e2

)︄
(1.9)

Where K2 is the second stochiometric (concentration-based) equilibrium dissociation
constant of mCP, e1, e2, and e3 are molar extinctions coefficient ratios of mCP, and
R = A578/A434 is the conventional ratio of absorbances at the absorbance maximum
wavelengths 434 and 578 nm (Li et al., 2020; Yin et al., 2021). The in situ pH (pHT) is
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then derived from pHT,m using the linear temperature factor from Millero (1995):

pHT = pHT,m − 0.01582(T − tm) (1.10)

K2, e1, e2, and e3 used in equation 1.9 are computed from their in situ salinity (S) and
temperature (T) functions. S and T (used in equation 1.10) are determined
independent from the LOC pH sensor, e.g., from a co-deployed CTD (conductivity,
temperature, depth) probe for field deployments. The combined standard uncertainty
of the sensor pHT measurements is estimated to be 0.010 pH units (Yin et al., 2021).

Lab-On-Chip TA Sensor

The LOC TA sensor measures the alkalinity of a seawater sample using a single-point
titration. Seawater is withdrawn into the microfludidic channels inside the sensor
using custom syringe pumps (Figures 1.7, 1.8, and 1.10a). The sample is then
combined with HCl titrant and (unpurified) Bromophenol Blue (BPB) indicator dye in
the microfluidic mixer, where it is acidified to endpoint pH = 3.0–3.5 (Culberson et al.,
1970). The acidification of the seawater sample produces CO2, which is removed
across a gas-permeable membrane into a recipient solution of sodium hydroxide
(NaOH) (Figure 1.10b). The resulting solution is sequentially illuminated in an optical
cell by two LEDs with wavelengths (λ1 = 435 nm and λ2 = 591 nm) determined as the
absorption peaks of the pH indicator’s protonated and deprotonated forms (Schaap
et al., 2025). A photodiode (light detector) at the end of the optical cell then converts
the amount of light transmitted into a voltage, which yields measurements of optical
absorption (Figure 1.10).
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FIGURE 1.10: Lab-On-Chip TA Sensor diagram with (a) microfluidic channel
schematic and (b) conceptual diagram of TA system components and measurement

process.

The ratio of absorbances (R) is normalised to temperature T 25 °C using a linear
coefficient to account for the temperature sensitivity of the pH indicator dye (Breland
and Byrne, 1993). The solution pH at the titration endpoint is determined
photometrically (Culberson et al., 1970) and is given by the equation:

pHSWS = −log([H+]SWS)

= c1 pKa,SWS + cS(35-S) + log10(
R − e1

e2 − Re3
)

(1.11)

which is derived from the equilibrium dissociation reaction of the protonated form of
the dye expressed on the seawater proton scale (SWS), with pKa,SWS = -log(Ka,SWS),
Ka,SWS = stoichiometric equilibrium second dissociation constant (mol/kg), cS a linear
salinity correction factor (Breland and Byrne, 1993), c1 an instrument and
environmental-specific calibration factor, and e1, e2, and e3 as ratios of the molar
attenuation coefficients of the dye determined at T = 25 °C and S = 35 (Schaap et al.,
2025). The endpoint excess proton concentration in the titrated sample in the presence
of BPB, i.e., the sum of proton donors (acids) as defined for the zero proton condition
for total alkalinity (Dickson, 1981; Wolf-Gladrow et al., 2007a) is then defined as

[H+]excess ≈ [H+]SWS (1.12)
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Finally, the sample TA (µmol kg-1) is computed as:

TA = 10 6 −[H+]excess(mS + mA) + c2 MA mA

mS
(1.13)

where mA is the titrant mass, ms is the sample mass, MA is the titrant acidity (in µmol
kg-1) and c2 is an instrument and environmental-specific calibration factor. Titrant and
sample masses are replaced by volume ratios defined by the syringe pump geometry,
given that the titrant, reference materials, and samples have matching salinity and
therefore equal density effects. All associated titrants, reagents, and waste products
are stored onboard contained in flex bags and connected to the sensor using peek
tubing. The LOC TA sensor has a precision and accuracy better than 5 µmol kg-1

(Schaap et al., 2025).

This thesis showcases these new LOC sensors through a number of field deployments
in order to evaluate their potential for expanding and improving global ocean carbon
observations. Data and analysis is presented from autonomous deployments of LOC
pH and TA sensors integrated on moving and fixed platforms to resolve
diel-to-seasonal carbonate system dynamics. In doing so, these chapters demonstrate
how LOC carbonate sensors expand the operational envelope of marine carbon
observations from both a spatial (shelf seas to coral reefs) and temporal (hours to
months) perspective, directly addressing gaps in ocean observing capability.
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1.3 Thesis Overview

The aim of this doctoral research was to demonstrate and examine the scientific
capabilities of novel autonomous instrumentation for ocean carbon observation. A
series of applications as three separate deployments informed each science chapter of
this thesis and inspired the following central questions:

• How capable is emerging autonomous technology compared to traditional
methodology in measuring and characterizing marine carbon? (Chapter 2)

• How will new developments in autonomous sensor and platform technologies
help fill gaps in shelf seas carbon observations? (Chapter 3)

• What are the controlling metabolic processes and carbonate dynamics of a coral
reef in a unique and understudied region, and can they be resolved from
autonomous sensor observations? (Chapter 4)

1.3.1 Hypotheses

Chapter 2

• Autonomous pH and TA observations from sensors on an AUV can be of
comparable quality to those collected using traditional methods from a ship.

• Challenges in comparing AUV with ship observations in space and time can be
adequately resolved using spatial interpolation methods.

• High-resolution observations collected using an AUV can reveal environmental
features that traditional surveys can overlook.

Chapter 3

• Characterizing the carbonate system in shallow coastal waters using autonomy
and associated computational methods (as per BGC Argo) can lead to significant
errors.

• Sensor redundancy can improve data quality by providing a better means for
sensor drift correction than traditional computational techniques.

• Total Alkalinity parameterisation using established regional algorithms can be of
adequate quality for carbonate system characterization when paired with
measured pH from autonomous sensors.
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Chapter 4

• High resolution pH, TA, pCO2, and DO observations can help disentangle
dominant metabolic processes in a reef system

• TA and pH sensor measurements will reveal the relative contribution of NCP
and NCC to the reef’s metabolic signal

• High-frequency autonomous observations will capture diel and seasonal
variability in reef carbonate chemistry that would be otherwise unresolved by
traditional sampling approaches.

• The relative contributions of NCP and NCC to the reef’s metabolic signal will be
related to the benthic community composition of the reef.
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1.3.2 Summary

Chapter 2 was originally published in Environmental Science & Technology as
Hammermeister et al. (2025) entitled: “New Capability in Autonomous Ocean Carbon
Observations Using the Autosub Long-Range AUV Equipped with Novel pH and
Total Alkalinity Sensors” (https://doi.org/10.1021/acs.est.4c10139). It presents
the first known characterization of the marine carbonate system from an autonomous
vehicle based on in situ sensor measurements of pH and TA. This chapter examines
the intricacies involved in autonomous data collection, analysis, and interpretation, as
well as how to validate sensor measurements from a moving platform that are not
spatiotemporally synced with discrete “gold standard” co-samples.

Chapter 3 is currently under review for publication in the Journal of Geophysical
Research: Oceans as Hammermeister et. al. (2025) entitled: “Coastal Marine Carbon
and Air-Sea Fluxes Quantified from pH Sensors on an Extended AUV Deployment”.
This work showcases the findings from two pH sensors onboard the first fully
autonomous long distance scientific mission by the Autosub Long Range AUV, which
spanned over five weeks and 2,000 km. The marine carbonate system and air-sea CO2

fluxes are quantified from the novel dataset, revealing seasonal, spatial, and temporal
trends and variability. Furthermore, the chapter evaluates the competency of global
model estimates and established correction procedures for use with high-resolution
pH data, in a dynamic coastal application.

Chapter 4 forms a paper that that is currently undergoing journal submission for
publication as an original research article with the following authors: as
Hammermeister et. al (2025) entitled: “Metabolic Dynamics of an Offshore Coral Reef
in the Red Sea: Observations from Autonomous Sensors”. This chapter resolves reef
metabolism and carbonate dynamics of a coral reef in the central Red Sea using an
extensive, multi-month suite of autonomous, high-resolution sensor observations. To
our knowledge, this represented the first-ever deployment of an autonomous
stand-alone TA sensor on a coral reef, which provided a unique opportunity for
benchmark observations and evaluation of reef carbon cycling in an understudied
region.

https://doi.org/10.1021/acs.est.4c10139
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Chapter 2

New capability in autonomous
ocean carbon observations using the
Autosub Long-Range AUV
equipped with novel pH and Total
Alkalinity sensors

This chapter forms a paper that has been published in Environmental Science &
Technology as an original research article:

Emily M. Hammermeister, Stathys Papadimitriou, Martin Arundell, Jake Ludgate,
Allison Schaap, Matthew C. Mowlem, Sara E. Fowell, Edward Chaney, and Socratis
Loucaides. New capability in autonomous ocean carbon observations using the
Autosub Long-Range AUV equipped with novel pH and Total Alkalinity sensors.
Environmental Science & Technology 59:7129–7144, 4 2025. ISSN 0013-936X,
https://doi.org/10.1021/acs.est.4c10139, doi: 10.1021/acs.est.4c10139

https://doi.org/10.1021/acs.est.4c10139
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Abstract

The development of marine autonomous platforms has improved our capability to
gather ocean observations at fine spatial scales and high temporal frequency, which
can be used to better measure, characterise, and model ocean carbon. As part of the
OCEANIDS programme, novel carbonate sensors were integrated onto the Autosub
Long Range (ALR) Autonomous Underwater Vehicle (AUV) and deployed in the
Celtic Sea. Autonomous Lab-On-Chip (LOC) sensors measured pH and Total
Alkalinity (TA) while onboard the ALR. Using interpolation, the ALR-sensor dataset is
compared against CTD co-samples. The average differences between LOC sensor and
co-sample pH ranges from -0.011 to -0.015. The TA sensor data agrees with co-samples
within 1–2 µmol kg−1 on average. Biogeochemical water properties differing between
CTD and ALR observations reveal correlations to carbonate parameter variations. The
LOC sensors enabled characterisation of the marine carbonate system from
autonomous subsurface measurements for the first time. Sensor pH and TA data were
used to calculate Dissolved Inorganic Carbon (DIC), partial pressure of CO2 (pCO2),
and aragonite saturation state (ΩAr) and are compared with CTD co-samples with
mean residuals of 4–7 µmol kg−1, 10–17 µatm, and -0.03 to -0.06, respectively. Future
perspectives on sensor deployment and analysis are discussed.
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2.1 Introduction

It has long been established that carbon dioxide (CO2) levels in the atmosphere are
rising. Since the start of the industrial era, total atmospheric CO2 concentration has
increased by over 50%, with current anthropogenic emissions surpassing 11 Gt C yr−1

(Friedlingstein et al., 2023). The ocean is a natural carbon sink that, in the last decade,
has absorbed 2.9 ±0.4 Gt C yr−1, equal to 26% of total anthropogenic CO2 emissions
(Friedlingstein et al., 2023; Quéré et al., 2009b). As atmospheric CO2 dissolves into the
ocean, it reacts with seawater to form carbonic acid, which dissociates into bicarbonate
(HCO3

– ), carbonate (CO3
2 – ), and hydrogen (H+) ions (Barker and Ridgwell, 2012).

The net addition of H+ acidifies the seawater (lowers the pH) in a process known as
ocean acidification (Caldeira and Wickett, 2003), and changes the speciation within the
carbonate system (Wolf-Gladrow et al., 2007b; Zeebe, 2012). While atmospheric CO2

continues to rise and the ocean continues to take up more CO2, the ocean’s capacity to
absorb surplus anthropogenic CO2, or buffer global climate change, has decreased
(Feely et al., 2004; Tans, 2009). In fact, recent models suggest the ocean’s buffer
capacity could decrease as much as 34% by 2100, likely accelerating ocean acidification
(Jiang et al., 2019).

Ocean acidification and the changing ocean carbonate system is affecting the basis of
the marine food web and marine biogeochemical cycles. It is not only a threat to
marine health, but to human prosperity by threatening food and economic security
(Whitt et al., 2020). Over 40% of the growing human population live in coastal regions,
making our dependence on the ocean’s resources ever-increasing (Byrne, 2014).

Reflecting the urgency and importance of understanding the changes to the ocean
carbon system, the Global Ocean Observing System (GOOS) has deemed inorganic
carbon (ocean carbonate system) as an Essential Ocean Variable (EOV) to measure.
Ocean carbon observations are essential for assessments of the ocean carbon budget
and quantification of fluxes which, through the ocean carbon value chain, are used to
inform policymakers and stakeholders on managing emissions and climate change
mitigation strategies (Tanhua et al., 2019). However, the quality of these assessments
are a function of the quality and availability of carbon data observations that have
come from ship-based programs (e.g., GO-SHIP, SOOP, etc). While these programs
have provided critical insights into the ocean carbon cycle, data availability is scarce in
time and space, leading to large uncertainties and discrepancies between models and
observations (Friedlingstein et al., 2022; Hauck et al., 2023) that hinder policymaking
progress and climate resolution.

Although offering the highest quality observations required to track climate-scale
changes in the ocean’s carbon system, traditional ship-based observing strategies have
several limitations including high operating costs, long transit times, and practical
seasonal biases—especially in polar regions (Lee et al., 2022a). Ship-based
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observations often fail to capture interannual variability and the dynamic
spatiotemporal variability in coastal oceans. Additionally, the carbon footprint of
ship-based operations is facing increasing scrutiny as the world strives to achieve
net-zero carbon emissions (e.g., Future Marine Research Infrastructure
(https://fmri.ac.uk). Efficient and sustainable ocean observing strategies are
therefore needed to increase measurement resolution in space and time,
complementing ship-based methods in an effort to decarbonise marine research and
meet current scientific and societal needs.

The emergence and expansion of autonomy in ocean observations, specifically
platforms such as profiling floats, underwater gliders, and surface vehicles equipped
with scientific sensors, offer a scalable, sustainable, and complementary solution to
the current observational needs. Even so, the lack of autonomous sensors for direct
characterisation of the ocean carbonate system remains as the limiting factor to
wide-scale and high-resolution ocean carbon observations.

To quantify and characterise the marine carbonate system, there are four measurable
key variables to consider: Dissolved Inorganic Carbon (DIC), Total Alkalinity (TA),
pH, and partial pressure of CO2 (pCO2) (Byrne, 2010). The carbonate system can be
constrained by a system of stoichiometric equations so that any pair of these four
parameters can be used (alongside salinity, temperature, and pressure) to calculate the
remaining two (Millero, 2007). Currently, only sensors measuring pH and pCO2 are
available commercially and capable of autonomous observations. However, because
of the covariance of these two parameters in the environment, their choice as input
parameters is less desirable since it leads to large uncertainties in the characterisation
of the carbonate system (Orr et al., 2018; Sutton and Sabine, 2023). In the absence of
commercial, integrable sensors capable of directly measuring TA or DIC in situ,
characterisations of the carbonate system based on autonomous platform observations
(e.g., BGC-Argo and SOCCOM programs) rely on TA estimated from empirical
algorithms using salinity, oxygen and nutrients as input parameters (Carter et al.,
2018; Juranek et al., 2011). Although this approach provides a good alternative to
direct observations, its applicability and reliability varies.

There has been recent work to integrate carbonate sensors onto autonomous platforms
including Autonomous Surface Vehicles (ASVs) and gliders. For example, the
Saildrone and Wave Glider ASVs have been equipped with pCO2 (ASVCO2) systems
(Sabine et al., 2020; Sutton et al., 2021), and proved to be a valuable tool for CO2 flux
quantification, especially in hard-to-reach environments. Additionally, the first ever
integration of a Lab-On-Chip (LOC) pH sensor onto a glider, by Possenti et al. (2021),
provided valuable insights into biogeochemical interactions and processes in the
North Sea. Similar to BGC-Argo floats, Possenti was able to derive carbonate variables
using autonomous pH data paired with salinity-derived TA estimations. Despite these
advancements, autonomous instrumentation falls short of fully matching the

https://fmri.ac.uk
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comprehensive carbonate data collection capabilities of traditional ship-based
methods.

In this article, we introduce novel state-of-the-art autonomous observing technologies
capable, for the first time, of direct seawater carbonate system characterisation along
predefined oceanographic transects. The system comprises a long-range Autonomous
Underwater Vehicle (AUV) newly loaded with LOC sensors for the measurement of
seawater pH, TA and DIC. We evaluate the performance of these new
technologies—including quality of observations and ability to constrain the carbonate
system—relative to the traditional ship-based approach.

2.2 Methods

2.2.1 Study site

The study site was located in the Celtic Sea, between the Celtic Shelf and Deep Celtic
Basin in ocean waters ranging 100 to 3000 m deep. This region was chosen due to its
proximity to the UK and the presence of biogeochemical gradients across the
continental shelf break. The study took place between March 19–30, 2022 supported
by the Royal Research Ship, RRS Discovery, during expedition DY149.

2.2.2 Autonomous platform and sensors

The Autosub Long Range (ALR) is a family of large flight-style AUVs (3.6 m long,
nominally weighing 750 kg) developed and operated by the National Oceanography
Centre (NOC) with a depth rating of 1500 m (ALR1500) or 6000 m (ALR6000). The
ALR-2 (ALR6000) was used for this deployment and is hereafter referred to as the
ALR. The ALR has flooded payload bays that sit forward and aft, and can be
configured with a wide range of oceanographic sensors. Long endurance is achieved
using lithium batteries combined with low transport costs from modest travel speeds,
passive buoyancy control, and optimised power consumption of onboard systems
(Roper et al., 2021). A propeller, magnetically coupled to an electric motor and
gearbox enables speeds between 0.45–0.8 m s−1 through water. Large aerofoil section
dive wings provide downward force and control surfaces at the aft that manage pitch
and heading. Typical dive rates of 0.1–0.3 m s−1 are achieved with downward pitch of
10–30°. The ALR navigates using Doppler Velocity Log (DVL) aided dead reckoning,
achieving navigational accuracy <1% of distance travelled when in range of the
seabed (Roper et al., 2021; Phillips et al., 2023).

For this deployment, the ALR was fitted with three additional major sensor suites:
carbonate chemistry LOC sensors (pH, TA, and DIC), nutrient LOC sensors
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(Nitrate/nitrite, phosphate, silicate, and iron), and a Single Turnover Active
Fluorescence (STAF) phytoplankton sensor. As a part of its standard payload, the ALR
was equipped with a pumped CTD (SBE 52-MP) sensor, and for this work, an SBE 43F
dissolved oxygen (DO) sensor was added to the CTD. All three carbonate LOC
sensors are rated to 6000 m (Yin et al., 2021; Schaap et al., 2025; Monk, 2020), however
the maximum depth rating for this deployment was reduced from 6000 m to 600 m
due to the limited pressure rating of the STAF sensor. The hotel load (systems and
science payload) in this configuration was 60 W giving an expected endurance of 10
days and range of 550 km at a speed of 0.6 m s−1.

In this work we focus on the CTD, DO, pH, TA, and DIC sensors and their capability
within the autonomous system to characterise the ocean carbonate system. The pH
LOC sensor determines pH on the total proton scale (pHT) photometrically using
purified meta-Cresol Purple (mCP) as the indicator dye, with < 0.001 precision, 0.003
±0.022 accuracy relative to validation seawater samples, and ±0.010 combined
standard measurement uncertainty (Yin et al., 2021). The pH LOC sensor has been
widely demonstrated in remote operated vehicles (ROVs), seabed landings, and
gliders (Cryer et al., 2023; Monk et al., 2021; Possenti et al., 2021; Schaap et al., 2021a)
and is now commercially available (https://www.clearwatersensors.com/). The TA
LOC sensor determinations are based on single-point acid titration to endpoint pH =

3.0–3.5 that is determined photometrically using (unpurified) Bromophenol Blue
(BPB) as the indicator in the hydrochloric acid (HCl) titrant (Culberson et al., 1970).
The TA sensor has a precision and accuracy better than 5 µmol kg−1 (Schaap et al.,
2025), and the TA measurement uncertainty is estimated to be ±7 µmol kg−1 in this
deployment. Full details of the calibration and validation procedures of the pH and
TA LOC sensors are outlined in Yin et al. (2021) and Schaap et al. (2025). While the
temperature and optical calibrations of these sensors are performed once
post-manufacturing, validation is typically performed with standardized (e.g., ‘tris’
buffer, validation co-samples (Yin et al., 2021)) or certified materials pre-deployment,
during deployment with onboard materials, and post-deployment (TA sensor only).

The DIC LOC sensor is based on the conductimetric method in Hall and Aller (1992),
which involves extraction of DIC as CO2 from a seawater sample by acidification with
10% phosphoric acid, CO2 transfer into a 0.007 M sodium hydroxide (NaOH) solution
across a gas permeable membrane, and determination of the conductivity change in
the NaOH solution from its reaction with CO2 to CO 2–

3 (Sayles and Eck, 2009)]. The
calibration procedure of the conductimetric DIC LOC sensor is based on that outlined
in Sayles and Eck (2009). The DIC sensor used for this deployment was an early, now
retired, prototype which featured an external detector with relatively high
measurement uncertainty (estimated at ±38 µmol kg−1) (Monk, 2020).

The carbonate sensors were integrated in the aft payload bay of the ALR (Figure 2.1).
Integration of the carbonate sensors with the ALR was performed using a

https://www.clearwatersensors.com/
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communications sensor hub.

FIGURE 2.1: Diagram of the ALR with carbonate LOC sensor and sensor hub integra-
tion in the aft payload bay. Reagent bags not shown.

The sensor hub was developed specifically to simplify the integration of multiple
sensors on autonomous platforms. It primarily operates as a port expander, providing
a power and serial communications interface between a vehicle and multiple sensors.
The hub is fully programmable, allowing it to perform any degree of protocol
translation or other ‘smart’ functions. In this application, the sensor hub managed the
operation of the individual carbonate sensors and presented the ALR with an interface
to a single ”virtual carbonate sensor” which could start, stop, and poll for samples.
Performance of the system was improved further by making real-time supplementary
CTD and DO data available to the LOC sensors via a 1 Hz stream from the SBE 52-MP
CTD sensor onboard the ALR which enabled real-time calculation of carbonate system
parameters at in situ salinity (S), temperature (T), and pressure (P). The LOC and
CTD-DO sensors sampled seawater from a shared flow-though system that pumped
seawater from an intake tube outside of the ALR’s housing.
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2.2.3 Autonomous missions

Carbonate system observations were conducted through a series of ALR missions
along two main transects: The Shelf Transect (ST) and the Deep Transect (DT) (Figure
2.2). During the ST missions, the ALR travelled in a south-westerly direction across
the continental shelf over a period of five days (March 24–29, 2022).

FIGURE 2.2: Sampling sites located Southeast off the coast of England in the Celtic Sea
and off the Celtic Shelf in open ocean (Atlantic) waters.

The ALR followed a “staircase” survey pattern, reaching depths up to 250 m along a
total distance of over 200 km (Figure 2.3). The DT mission took place just off the
continental shelf over a period of three days (March 20–22, 2022). The ALR travelled
along three 25 km stacked transects at 20 m, 250 m, and 600 m depth (Figure 2.4).
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FIGURE 2.3: Visualisation of ST ALR
path (black line) and corresponding
CTD casts (red triangles). ALR ve-
hicle transit across the continental
shelf edge at various depths in a di-
agonal trajectory with respect to lati-
tude and longitude (denoted here in

decimal degrees).

FIGURE 2.4: Visualisation of DT
ALR path (black line) and corre-
sponding CTD casts (red triangles).
Latitude and longitude are denoted
here in decimal degrees. ALR vehi-
cle transit path is along 47.5 N at var-

ious depths. Seafloor is at 3500 m.

2.2.4 Autonomous data processing

The carbonate LOC sensors were switched on by the ALR at the start of each dive
sequence and measured at each of their maximum sampling frequencies as outlined in
Table 2.1. Each LOC sensor measurements were time-matched with the CTD-DO
measurements by the hub and compiled within a single data file. The in situ S, T, and
P were used to determine pHT and TA as described by Yin et al. (2021) and Schaap
et al. (2025).
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TABLE 2.1: Sampling rates of sensors onboard the ALR. The LOC sensors were pow-
ered off after every mission when the ALR was at the surface transmitting data and
powered back on at the beginning of the next mission. The LOC sensors were set
to measure at their highest possible frequency to ensure maximum data collection and
prove ability rather than achieve measurement synchronization. *During deployment,
onboard Reference Materials (RMs) were analysed periodically for both the TA and

DIC sensor.

Sensor on ALR Sampling Rate

pH Lab-On-Chip (NOC) 1 measurement per 7.5 minutes

TA Lab-On-Chip (NOC)
1 measurement per 10 minutes

RMs every 3 measurements*

DIC Lab-On-Chip (NOC)
1 measurement per 15 minutes

RM every 12 measurements*

SBE 52 CTD (Sea-Bird Scientific) 1 Hz (1 measurement / second)

SBE 43F Dissolved Oxygen (Sea-Bird Scientific) 1 Hz (1 measurement / second)

The use of ”CO2-in-seawater Reference Materials” (RMs), certified for TA and DIC, is
a standard practice in marine carbonate system measurements. These RMs are also a
reliable tool for field sensor calibration and verification because they are stable for
long periods of time and unaffected by changes in temperature and pressure (Dickson
and Dickson, 2010; Sharp and Byrne, 2021). The TA sensor seawater measurements
were determined relative to data collected periodically during deployment from the
onboard RM and in-house prepared standard (seawater that has been filtered,
poisoned with mercuric chloride, and standardized against RM and certified titrant,
both from Scripps Institution of Oceanography, USA), as described in Schaap et al.
(2025). The TA LOC sensor carried two onboard RMs, RM1 (certified, Scripps Batch
189) with TA = 2205.26 µmol kg−1 and RM2 (in-house standardized seawater with TA
= 2340.8 µmol kg−1, which were each measured once every 3 external seawater
measurements (Table 2.1). The DIC sensor used one onboard RM (certified, Scripps
Batch 193) with DIC = 2048.36 µmol kg−1, which was measured in triplicate every 12
external seawater measurements during deployment (Table 2.1).

2.2.5 Discrete bottled co-samples

Discrete seawater co-samples were collected during ALR missions (Figures 2.2–2.4)
using the ship’s CTD rosette sampler, equipped with 24 Niskin bottles (20 L each), a
Sea-Bird SBE 911 plus CTD, a Sea-Bird SBE 43 dissolved oxygen sensor, and an
Aquatracka MKIII fluorometer (Chelsea Technologies Group). For each CTD cast,
seawater was collected from various depths, including the depth of the ALR track.
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Sample collection, preservation and storage for carbonate analysis was conducted
according to standard procedures described in Dickson et al. (2007). The bottled
co-samples were analysed in the laboratory, with a subset (n=47) analysed for pHT,
DIC, TA, at NOC and the remaining samples (n=109) analysed for DIC and TA at the
Bermuda Institute in Ocean Science (BIOS). All discrete carbonate samples were
analysed within seven months of collection. Seawater pHT (NOC) was determined on
a Cary 60 UV-vis (Agilent Technologies) spectrophotometer using purified mCP
indicator at 20°C (Dickson et al., 2007), with an estimated uncertainty of 0.005 (Yin
et al., 2021) (SI. Table A.1). The reported in situ pHT for bottled co-samples that were
analysed at NOC was computed from the laboratory measured pHT, measurement
temperature, DIC and nutrient concentrations at in situ S, T, P using CO2SYS (see
Carbonate system calculations section below). The in situ pHT reported here for the
remainder of bottled co-samples was computed from the DIC and TA measured at
BIOS at in situ S, T, P using CO2SYS. Seawater DIC (NOC) was determined by infrared
(IR) gas analysis following acidification with 10% phosphoric acid and stripping of the
generated CO2 with pure nitrogen gas on an AIRICA® DIC Analyser (Marianda, Kiel,
Germany) coupled with a LICOR 840A IR CO2/H2O Analyser (O’Sullivan and
Millero, 1998; Goyet and Snover, 1993; Call et al., 2017). The analytical system was
calibrated daily with RMs (Scripps Institution of Oceanography, USA). The DIC
concentration was determined from two repeat measurements from the same discrete
sample bottle, each measurement consisting of integrated CO2 peaks from four repeat
injections of 1.2 mL of sample each, with a precision better than 6 µmol kg−1, and an
average precision of 3 µmol kg−1 (1σ = 2 µmol kg−1). The same DIC determination
method was used at BIOS, coupled with CO2 determination by coulometric titration
on a VINDTA 3C (Versatile INstrument for the Determination of Total Alkalinity;
Marianda, Kiel) with accuracy and precision of 2 µmol kg−1. For all co-sample DIC
determinations, ±6 µmol kg−1 is used here as a maximum estimate of measurement
uncertainty (SI. Table A.1). Seawater TA (NOC) was determined potentiometrically
with an open cell multi-point titration between pH 3.5 and 3.0 (Dickson et al., 2007)
using a Metrohm Ti-Touch 916 automated titrator (Metrohm, 2022), with a precision
better than 0.1% and a combined standard measurement uncertainty of ±3 µmol kg−1.
At BIOS, the TA was determined using the potentiometric semi-closed titration system
(Dickson et al., 2007) on the VINDTA 3S, with a precision better than 0.1%. For all
discrete co-sample TA determinations ±3 µmol kg−1 is used here as an estimate of
measurement uncertainty (SI. Table A.1). In addition, all discrete co-samples (n=156)
were analysed for concentrations of dissolved inorganic phosphorous (hereafter
phosphate) and silicic acid (hereafter silicate) at NOC following standard continuous
flow analysis methods (Becker et al., 2020) on a QuAAtro39 AutoAnalyzer (SEAL
Analytical), with estimated uncertainties of 3.7% and 2.4% respectively (Birchill et al.,
2019) (SI. Table A.1). Finally, all discrete co-samples were analysed for DO on the day
of collection using the Winkler method (Winkler, 1888) following Carpenter (1965) and
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Langdon (2010), on a Metrohm 794 Basic Titrino system with an estimated
measurement uncertainty of 0.06% (Langdon, 2010).

2.2.6 Sensor measurement validation

To validate the performance of the sensors onboard the ALR, sensor measurements
were compared with the water samples collected from the ship that were analysed
using the “gold standard” laboratory techniques described above. Proximity between
sensor measurements and discrete samples unavoidably varied in frequency, space,
and time, making direct comparisons impossible and interpolation (a common
practice when dealing with oceanographic data (McIntosh, 1990; Ledoux et al., 2005))
necessary. To enable effective and meaningful comparisons between sensor
measurements and validation samples, the biogeochemical parameters (pH, TA, DIC,
DO, S, T) measured in the discrete samples were spatially gridded using natural
neighbour interpolation without extrapolation in MATLAB (Amidror 2002; Sibson
1981 ;The Mathworks Inc., 2024). The discrete data were interpolated rather than the
sensor data to provide the most accurate representation of the water column given its
trusted methodology and more consistent sampling coverage versus the ALR track.
Nonetheless, the natural neighbour interpolation method was chosen because it
performs well with the irregularly distributed data typically associated with
oceanographic sampling (Ledoux et al., 2005; Sambridge et al., 1995). All parameters
were regarded in density space, that is, they were interpolated based on their
relationship to seawater density (calculated from S, T, P; (McDougall and Barker,
2011)) rather than water depth. When parameters are compared in density space, the
variability caused by vertical displacement is minimised since the ocean primarily
mixes on isopycnals (density gradients) and therefore provides a clearer
understanding of parameter (x) in question within a given water mass (Gomis et al.,
1997; Lozier et al., 1994; Ridgway et al., 2002).

Direct spatial comparison was achieved by extracting values from the discrete
co-sample interpolant product xi−CTD at the vertical (density) and lateral (location
along track) coordinates corresponding to each ALR sensor measurement xALR.
Residuals r(x) between the two measurement methods were then calculated using
Equation 2.1.

r(x) = xi−CTD − xALR (2.1)

Finally, the mixed layer depth in the DT was determined using the Threshold Method
with criterion ∆σθ=0.125 kg m−3 where σθ represents potential density (Monterey and
Levitus, 1997; Levitus, 1982; de Boyer Montégut et al., 2004a).
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2.2.7 Carbonate system calculations

The speciation of the carbonate system was characterised from the discrete co-sample
dataset obtained from the CTD casts using the CO2SYS MATLAB package (Lewis and
Wallace 1998; Sharp et al. 2023a; van Heuven et al. 2011b; The Mathworks Inc., 2024)
with TA, DIC, and nutrient (phosphate and silicate) concentrations as input
parameters, as well as S, T, and P from the CTD sensor on the ship’s rosette sampler.
These computations yielded CTD-based pCO2 and the aragonite saturation state (Ωar).

The speciation of the carbonate system was also characterised from the LOC sensor
data on the ALR. These data were interpolated and gridded spatially, as outlined
above, to account for the differing measurement frequencies and resulting spatial and
temporal mismatch between LOC sensors. The interpolated sensor TA and pHT

values from the generated spatial grids were used with corresponding gridded S, T,
and P from the CTD onboard the ALR for carbonate system characterisation using
CO2SYS. All CO2SYS computations used the dissociation constants of carbonic acid
(K1 and K2) from Lueker et al. (2000), KSO4 from Dickson (1990), KF from Perez and
Fraga (1987), and total Boron concentration from Lee et al. (2010). These computations
produced grids of calculated carbonate system parameters (pCO2, DIC, and aragonite
saturation state (Ωar)) from the sensor data.

The derived carbonate parameters from bottle samples (xCTD) were compared with
those from the ALR sensor-derived interpolant values (xi−ALR) based on
corresponding vertical (density) and lateral (location along a transect) coordinates (SI.
Figure A.1). The resulting carbonate parameter residuals rcarb(x) were calculated
using Equation 2.2.

rcarb(x) = xCTD − xi−ALR (2.2)

The combined standard uncertainty uC(y) of r(x) was calculated as the positive
square root of the combined variances using Equation 2.3, and based on the
uncertainties of sensor measurement and equivalent laboratory method (SI. Table A.1)
(JCGM et al., 2008).

u2
c(y) =

N

∑
i=1

u2
i (y) (2.3)

The combined standard uncertainty of the calculated carbonate parameters was
determined by error propagation using the CO2SYS function errors.m with the
routine’s default standard errors for dissociation constant inputs (Orr et al., 2018) and
individual parameter uncertainty values from SI. Table A.1. The resulting propagated
error associated with each calculated carbonate parameter (for both discrete and
sensor data) was used to derive uC(y) of rcarb(x) using Equation 2.3 and values from
SI. Table A.1.



Chapter 2 42

2.3 Results and discussion

2.3.1 Autonomous Data Collection

During March 20–29, 2022, the ALR successfully completed over 10 dive missions that
formed the Shelf Transect (ST) and the Deep Transect (DT). The pH, TA, and DIC
Lab-On-Chip (LOC) sensors onboard the ALR made 947, 423, and 251 in situ
measurements respectively. Data taken from the ALR LOC sensors for pHT

(pHT−ALR) and TA (TAALR) are used in this study. Due to unreliable performance of
the LOC DIC sensor (outlined below), DIC sensor data is not used in this study.
During the same period, 156 discrete water samples were taken from the water
column and analysed for TA (TACTD) and DIC (DICCTD), 47 of which were also
analysed directly for pHT (pHT−CTD). The CTD-DO sensors on the ALR and
ship-based CTD rosette sampler recorded continuous (1 Hz) measurements for
salinity (SALR and SCTD), temperature (TALR and TCTD), pressure (PALR and PCTD), and
dissolved oxygen (DOALR and DOCTD). Values of pHT, TA, DIC, S, and T collected
from sensors and bottle samples fell within expected ranges for the region and
generally agreed with each other (Table 2.2).

TABLE 2.2: Summary of observed and historical parameter values. a Kitidis et al.
(2012) Western English Channel (Stations E1 & L4 Feb–April). b Marrec et al. (2013)
Western English Channel (Stations E1 & L4 Spring). *Indicating surface water mea-

surements only

Parameter ALR Transects CTD Casts Regional Dataa Regional Datab

pHT 7.97–8.09 7.94–8.06 8.1–8.2 n/a

TA (µmol kg−1) 2302–2370 2314–2357 2310–2360 2326–2345*

DIC (µmol kg−1) 2107–2182 2117–2217 2050–2150 2074–2135*

Salinity (PSU) 35.34–35.61 35.34–35.60 34.4–n/a 35.04–35.47

Temperature °C 10.56–12.29 10.32–12.36 7.5–12.5 8.8–13.9

The prototype DIC sensor operated throughout the majority of the deployment and
produced measurements within expected ranges (Table 2.2). However, DIC
observations did not follow expected trends (i.e increase with depth due to carbon
mineralisation) and rather showed random variability over the deployments.
Investigation post-deployment pointed towards failure of the gas exchange unit and
calibration error, therefore sensor DIC data were flagged as unreliable and will not be
discussed further. Since the deployments described here, a new version of the DIC
LOC sensor has been developed and is undergoing field trials.

2.3.2 Comparison between ship-based and autonomous observations

General hydrography and biogeochemistry
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One of the primary objectives of this study was to evaluate whether an autonomous
observing system such as the one described here could provide comparable
information to that of traditional shipside collection along oceanographic transects.
The observational plan was therefore designed to enable meaningful comparisons
between ALR and ship observations. Validation bottle sample collection was planned
along the programmed ALR path and (where possible) at a time when the ALR was in
proximity but at a safe distance so to avoid collision with the CTD rosette. Time
between ALR sensor measurements and bottle sample collection in the same
proximity ranged between 1 minute and 15 hours (µ = 6 hours) for the ST and
between 5 minutes and 85 hours (µ = 40 hours) for the DT.

Co-location of sensor measurements and validation samples is more critical in shallow
waters (within the mixed photic zone) due to light-driven diel biogeochemical
variability, irregularity in phytoplankton abundance, and strong mixing from tidal
currents that also affect biogeochemical variables. Most observations collected along
the ST by the ALR were either within the vertically homogeneous (mixed) waters
above the continental shelf or within the ∼ 320 m surface mixed layer off the shelf.
Both ALR and ship-based observations show similar trends along the ST. There is a
lateral gradient of increasing salinity (35.35–35.55 PSU) and temperature (11–12.5 °C)
as the transect moves away from the continental shelf (SI. Figure A.2). This trend is
consistent with freshwater influence from the coast and the existence of a warmer
mixed layer offshore. Dissolved oxygen decreased with depth (260–220 µmol kg−1),
with peaks (275 µmol kg−1) near the surface (60–100 km along the track) where
elevated fluorescence concentrations (1.1 µg L−1) were detected consistent with
primary productivity (SI. Figure A.2).

There was closer agreement between ship and ALR observations along the DT where
vertical stratification was present. The mixed layer depth averaged 345 m calculated
from ship CTD observations which is similar to that calculated using the ALR
observations (338 m). Seawater salinity ranged from 35.45–35.6 PSU, the temperature
ranged from 10.5–12.4 °C, and the DO ranged from 180–245 µmol kg−1 (SI. Figure
A.3). It is important to note that because of the sampling spatiotemporal differences
between the ALR and CTD, their water mass properties are not identical. While it is
evident that each of the ALR and CTD salinity, temperature, dissolved oxygen, and
density observations show the same general trends and ranges in each of the sampling
transects, there are still subtle differences that are reflected in and propagated through
their respective carbonate measurements and comparison residuals.

pH

The pHT−ALR data show good agreement with interpolated pHT−CTD across both
transects (Figure 2.5 and Figure 2.7). During the ST, pHT values ranged 0.094 pH units
from 7.991 to 8.085 throughout the water column. Generally, pH decreased with
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depth, with the highest values recorded in regions of high fluorescence and oxygen
concentrations (Figure 2.5a, SI. Figure A.2). A strong positive correlation (n=950, R2 =
0.87, SI. Figure A.4) between pHT and DO throughout the deployment implies a
primarily biological control (photosynthesis–respiration) on pH variability within the
surface mixed layer.

FIGURE 2.5: Shelf Transect pHT and intercomparison. The shared x-axis is plotted
from right to left to better represent geographic location and direction of travel (away
from the continental shelf). (a) Contour map from interpolated pHT−CTD with con-
tours denoted by colour with respect to depth (m) on the y-axis and distance (km)
on the x-axis. (b) Residuals of pHT−CTD - pHT−ALR plotted where pHT−CTD is an
interpolated value at the density and distance where pHT−ALR measured. Running

combined standard uncertainty (mean = ±0.022) is shaded in grey.

The mean residual between interpolated pHT from bottle measurements and
pHT−ALR (r(pHT)) in density space along the ST was -0.011 (σ=0.008, n=560). r(pHT)
varied from -0.033 to 0.006 with 94% of r(pHT) within the mean combined standard
uncertainty (±0.022) of the sensor and lab-based pH analysis (Figure 2.5b). The
negative bias in r(pHT) reflects the consistently higher pHT−ALR values than
pHT−CTD. The source of this systematic bias is likely the ALR pH sensor
measurements as it would be highly improbable for calculated pHT−CTD and directly
measured pHT−CTD analysis to carry the same bias. Further investigation into the pH
sensor’s raw data revealed no signs to suggest that its performance was compromised.
The pH sensor’s thermistors and optics were functioning correctly, indicating that the
observed bias was not due to equipment limitations, but rather likely a
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deployment-related reason. This points to another notable challenge when comparing
ocean observation methodologies and necessitates further research.

To help interpret the r(pHT) in the ST, residuals from other observed parameters such
as DO, S, and T were also evaluated in density space along the transect (Figure 2.6).
For residuals of DO (r(DO)), S (r(S)), and T (r(T)) evaluated along the ST, the larger
deviations from r(x) = 0 (where xi−CTD = xALR), coincided in space with larger r(pHT)
as illustrated clearly between ∼ 40–80 km along the ST track (Figure 2.6a–c). In fact,
r(pHT) correlated positively with r(DO), r(S), and r(T) [ r(DO) / r(pHT) (R2=0.60,
p<0.001), r(S) / r(pHT) (R2=0.25, p<0.001, and r(T) / r(pHT) (R2=0.66, p<0.001)] in
density space, along the entire transect as shown in Figure 2.6d–f.

FIGURE 2.6: Comparison of residuals from measurements of dissolved oxygen, tem-
perature, and salinity with respect to distance (km) along transect (a–c) and r(pHT)
(a–f). (a) Residuals of dissolved oxygen r(DO) in µmol kg−1 along distance. Grey
circles represent residuals calculated as r(x) = xi−CTD − xALR. (b) Residuals of tem-
perature r(T) in °C and (c) residuals of salinity r(S) in PSU along distance, with the
same legend as in (a). (d) r(DO) as a function of pHT residuals r(pHT). (e) r(T) as a

function of r(pHT). (f) r(S) as a function of r(pHT).

Similar comparisons between r(pHT) and depth as well as r(pHT) and hours between
sample collection versus sensor measurement (r(Time)) show weak yet significant
correlation (p<0.001, SI. Figure A.5). The highest r(pHT) values correspond to the
highest r(time) (5–15 hours), and especially where (at ∼ 60–80 km along ST track)
fluorescence was highest (areas of high primary productivity)(SI. Figure A.2). This
implies that in highly productive waters, such as the shelf region of the Celtic Sea on
the cusp of spring, spatiotemporal variability in biogeochemistry makes measurement
comparisons between platforms and sensor measurement validation challenging.
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Therefore, sensor measurement validation should be avoided in shallow productive
waters or special care must be taken to minimise the spatiotemporal mismatch
between sensor measurements and validation samples.

Along the DT, observed pHT values ranged between 7.931 in deep waters (1000 m)
and 8.063 close to the surface (Figure 2.7a). The observed pHT decreased uniformly
with depth, reflecting the shift from net photosynthesis to net respiration with
diminishing light availability.

FIGURE 2.7: Deep Transect pHT data and intercomparison. Shared x-axis repre-
sents longitudinal position on transect. (a) Contour map created from interpolated
pHT−CTD, and contours denoted by colour with respect to depth (m) on the y-axis and
longitude on the x-axis. (b) Residuals of pHT−CTD - pHT−ALR plotted where pHT−CTD
is an interpolated value at the density and longitude where pHT−ALR was measured.
The r(pHT) calculated from observations below the average mixed layer depth (MLD)
of 345 m are outlined in red. Running combined standard uncertainty (mean = ±0.018)

is shaded in grey.

The mean r(pHT) in the DT was -0.015 (σ=0.008, n=234) with a similar negative bias as
seen in the ST. Values of r(pHT) varied from -0.034 to 0.005 with 77% of r(pHT) within
the mean combined standard uncertainty (±0.018) of the sensor and lab-based pH
analysis (Figure 2.7b).

Along longitude in the DT, particularly between, 10°42’ W and 10°45’ W, there are
notable differences between the ALR and CTD DO, S, and T that mimic the larger
spread of pHT residuals at the same location (Figure 2.8a–c). The r(pHT) values
correlated positively with r(DO) (R2=0.31, p<0.001) and r(T) (R2=0.11, p<0.001),
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although not with r(S) (Figure 2.8). There was no significant relationship between
r(Time) and r(pHT) (SI. Figure A.6). Interestingly, depth correlated positively with
r(pHT) in the DT (R2=0.30), showing more pHT variability closer to the surface rather
than at depth (SI. Figure A.1d). Unlike pressure effects commonly seen with
oceanographic instrumentation use, the trend seen here comes from mismatch near
the surface and within the MLD. As seen in Figure 2.7b and Figure 2.8a–c, data points
that are below the MLD (outlined in red) showed slightly more stability than those
above the MLD. This reflects the challenge in comparing biogeochemical observations
made in heterogeneous waters such as productive regions or across physical
boundaries such as nutriclines and fronts.

FIGURE 2.8: Comparison of residuals from measurements of dissolved oxygen, tem-
perature, and salinity with respect to longitude (a–c) and rpHT (d–f) in the DT. (a)
Residuals of dissolved oxygen r(DO) in µmol kg−1 along longitude. Grey circles rep-
resent residuals calculated as r(x) = xi−CTD − xALR, of those residuals, outlined in
red are below the average mixed layer depth (MLD) of 345 m. (b) Residuals of tem-
perature r(T) in °C and (c) Residuals of salinity r(S) in PSU as along longitude, with
the same legend as in (a). (d) r(DO) as a function of r(pHT). (e) r(T) as a function of

r(pHT). (f) r(S) as a function of r(pHT).

Similar to the ST pH intercomparison, there is evidence here that the ALR was
operating in biogeochemically different water than the CTD casts at times, which then
led to pH disagreement. However, the negative bias of the pH residuals is likely not a
coincidence and may point to other operational and systematic insights, as described
earlier about the ST.

In both transects, the pH LOC sensor measurements showed overall good agreement
with the pHT of the CTD discrete samples with maximum r(pHT) in the order of 0.035
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which are twice as large as previously reported for this device (-0.013 by Yin et al.
(2021); 0.015 by Nehir et al. (2022)) in shallow coastal water deployments. The largest
discrepancy between pHT−ALR and pHT−CTD reported here likely reflects the temporal
and spatial mismatch between the sensor measurements and CTD sample collection.
The pH LOC sensor has previously been integrated on a seaglider and deployed in the
North Sea for a duration of 10 days. During the deployment, four samples were taken
using the ship’s CTD alongside the glider and analysed for TA and DIC. Calculated
pHT was within 0.005 from the sensors pHT measurements. However, examples of pH
observations from AUVs are very limited and are still at the ”experimental” stage
(Hemming et al., 2017; Saba et al., 2019). This is mainly because, unlike the pH LOC
sensor, no other technology is readily integrable on small platforms (such as gliders)
with most requiring bespoke electronics and housings. More recently the ”Deep-Sea
DuraFET” pH sensor (based on Honeywell’s Durafet ISFET technology (Johnson et al.,
2016)) has been integrated and demonstrated on a Spray glider with promising results
(Takeshita et al., 2021). Mean difference between sensor pHT measurements and pHT

measured in CTD samples using spectrophotometry was in the order of 0.006 ±0.021
(n=155). The only commercially available stand-alone Deep-Sea DuraFET sensor
(SeaFET/SeapHOx, Seabird Scientific) however, is designed mainly for moored
application. Both spectrophotometric and ISFET-based technologies show promise for
ocean carbon observations (Yin et al., 2021; Rérolle et al., 2016), yet more work is
needed to improve analytical performance in order to meet GOOS requirements and
enable easy integration by end-users on autonomous platforms.

TA

Total Alkalinity measured in situ by the TA sensor onboard the ALR (TAALR) agreed
very well in density space with the TA measured in the bottle samples collected from
the ship’s CTD (TACTD) along both the ST and DT. Along the ST, the observed TA
values ranged between 2314 and 2357 µmol kg−1 throughout the 250 m water column
(Figure 2.9a). There was a horizontal gradient of increasing TA away from the UK
coast as with salinity (SI. Figure A.2b), consistent with the influence of low-TA
freshwater inputs from land (Hartman et al., 2014). The mean r(TA) was 1 µmol kg−1

(σ=4, n=191), ranging between -9 and 14 µmol kg−1 with no observed bias. Of the TA
residuals along ST, 91% fall within the mean combined uncertainty (±8 µmol kg−1) of
the sensor and lab-based TA analysis (Figure 2.9b).
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FIGURE 2.9: Shelf Transect TA and intercomparison. The shared x-axis is plotted from
right to left to better represent geographic location and direction of travel (away from
the continental shelf). (a) Contour map created from interpolated TACTD and contours
denoted by colour with respect to depth (m) on the y-axis and distance (km) on the x-
axis. (b) Residuals of TACTD - TAALR plotted where TACTD is an interpolated value at
the density and distance where TAALR measured. Running combined standard uncer-

tainty (mean = ±8 µmol kg−1) is shaded in grey.

Along the DT, the observed TA ranged between 2325 and 2352 µmol kg−1 throughout
the 600 m of sampled water column (Figure 2.10a). The mean r(TA) was 2 µmol kg−1

(σ=5, n=129), and ranged between -9 and 13 µmol kg−1 with no observed bias. 87% of
r(TA) fall within the bounds of the mean combined uncertainty (±8 µmol kg−1) of the
sensor and lab-based TA analysis (Figure 2.10b). The good agreement between TAALR

and TACTD also reflects the spatial and temporal homogeneity with respect to TA
which exhibits a largely conservative distribution in the open ocean and is not
significantly affected by biological processes.
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FIGURE 2.10: Deep Transect TA data and intercomparison. (a) Contour map created
from interpolated TACTD and contours denoted by colour with respect to depth (m) on
the y-axis and longitude on the x-axis. (b) Residuals of TACTD - TAALR plotted where
TACTD is an interpolated value at the density and longitude where TAALR measured.
The r(TA) calculated from observations below the mean mixed layer depth (MLD) of
345 m are outlined in red. Running combined standard uncertainty (mean = ±8 µmol

kg−1) is shaded in grey.

According to current research, this is the first demonstration of a TA sensor on an
autonomous vehicle. Other autonomous TA sensors based on similar
spectrophotometric technology are reported in the literature, however, they are
currently limited to shallow moored applications (Sonnichsen et al., 2023; Qiu et al.,
2023). The NOC LOC platform, which the TA LOC sensor is based on (as is the pH
and DIC LOC), is specifically designed for integration versatility on stationary and
small moving platforms. Although TA can be estimated with certain confidence in
large parts of the ocean (Carter et al., 2018), direct measurements are necessary to
accurately constrain TA and the seawater carbonate system in regions with high
calcification or riverine inputs (Spaulding et al., 2014; Cai et al., 2010). Additionally,
TA sensors will be a key tool in quantifying TA generation and dynamics at Ocean
Alkalinity Enhancement (OAE) application sites.

2.3.3 Constraining the marine carbonate system autonomously

To our knowledge, this work presents the first in situ characterisation of the marine
carbonate system from an autonomous vehicle based on direct sensor measurements
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of pHT and TA. The challenge so far in achieving such has been the lack of in situ
sensors (mainly for TA and DIC) capable of autonomous observations onboard
moving platforms such as AUVs, ASVs and floats. For this reason, autonomous
characterisation of the carbonate system (e.g., BGC Argo and SOCCOM programs)
currently relies on measured pH and modelled TA, which carries uncertainties.
Although in principle the carbonate system can be measured and constrained using
commercially available pH and pCO2 sensors (such as the PMEL mooring based
observing network (Cronin et al., 2023)), this approach uses the least desirable
combination of input variables due to large errors propagated in the calculated
carbonate system parameters (Orr et al., 2018; Sutton and Sabine, 2023). Additionally,
pCO2 sensors are much less practical on moving platforms due to technical limitations
including slow response times, integrability, and high power requirements (Clarke
et al., 2017).

In the following sections, we present carbonate system parameters calculated from
pHT−ALR and TAALR, including dissolved inorganic carbon (DICALR) in µmol kg−1,
partial pressure of carbon dioxide (pCO2−ALR) in µatm, and aragonite saturation state
(Ωar−ALR) which is unitless. We then compare these parameters against those
calculated from measured TACTD and DICCTD (pCO2−CTD and ΩCTD) in order to
evaluate the capability of the ALR-sensor system to constrain the seawater carbonate
system.

Shelf Transect

The sample area for constraining the carbonate system on the shelf is a subset of the
ST used in the above analysis, dictated by where both pHT−ALR and TAALR

measurements were available. It spans 0–140 km along the transect and is from 20–80
m in the water column (SI. Figure A.5). Calculated DICALR ranged from 2121 to 2150
µmol kg−1 and pCO2−ALR ranged from 366 to 431 µatm with higher values for both at
depth. Calculated Ωar−ALR ranged from 2.4 near the surface to 2.0 at depth (Figure
2.11a–c). The variability observed in measured pHT−ALR close to the surface (likely
caused by primary productivity) has propagated into the calculated DICALR,
pCO2−ALR, and Ωar−ALR.

When compared in density space, the directly measured DICCTD and the calculated
DICALR show very good agreement with a mean r(DIC) of 4 µmol kg−1 (σ=4, n=16),
and 100% of the residuals within the mean combined uncertainty of ±11 µmol kg−1

(Figure 2.11a, d). Similarly, there is also good agreement between calculated
pCO2−CTD and pCO2−ALR. The mean r(pCO2) is 10 µatm (σ=9, n=16), where 94% of
the residuals lie within the mean combined analytical uncertainty of ± 23 µatm
(Figure 2.11b, e).
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FIGURE 2.11: Vertical contoured distribution of calculated carbonate system parame-
ters from ALR sensor data in the ST (a–c), paired with comparison measured and cal-
culated bottle sample carbonate parameters (d–f). (a) Contour of DICALR (µmol/kg) in
ST water column along the transect distance. Black circles connected by dashed lines
represent bottle sample locations from CTD casts.(b) Contour of pCO2−ALR (µatm)
and (c) contour of Ωar−ALR with the same format as in (a). Residuals show variability
between CTD and ALR measurements along ST, where xi−ALR is an interpolated value
at the density and distance where xCTD was collected, to produce residual rcarb(x). (d)
Residuals of DIC (r(DIC), µmol/kg) along transect distance (km). Black circles rep-
resent residuals calculated as r(DIC) = DICCTD - DICALR. The dashed line indicates
the mean residual (4 µmol/kg). (e) Residuals of pCO2 (r(pCO2), µatm) along track
distance with mean residual of 10 µatm, and (f) residuals of Ωar (r(Ωar)) as a function
of longitude with mean residual of -0.03, both with the same legend as in (d) for re-
spective parameters. Grey shaded regions in plots (d)–(f) represent running combined
standard uncertainty, including error propagation, with means of (d) ±11 µmol, (e)

±23 µatm, and (f) ±0.18.

The mean r(Ωar) is -0.03 (σ=0.04, n=16) with 100% of the residuals within mean
combined uncertainty of ±0.18 (Figure 13c, f). The positive bias in the ST DIC and
pCO2 residuals and the negative bias in Ωar residuals reflect the bias in pHT−ALR

propagated through the carbonate system calculations as mentioned earlier.

Deep Transect

The interpolated grid for carbonate calculations of the DT uses the entire same sample
area as the previous section. Along the DT, measured and calculated DIC ranged from
2123–2190 µmol kg−1, calculated pCO2 ranged from 388–551 µatm, and calculated Ωar

ranged from 1.5–2.3. Similar to the shelf region, Ωar decreases with depth as a
consequence of the higher DIC and pCO2 concentrations in deeper waters.
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FIGURE 2.12: Vertical contoured distribution of calculated carbonate system param-
eters from ALR sensor data in the DT (a–c), paired with comparison of measured
and calculated bottle sample carbonate parameters (d–f). (a) Contour of DICALR
(µmol/kg) in DT water column along the longitudinal transect. Black circles con-
nected by dashed vertical lines represent bottle sample locations from CTD casts. Red
horizontal line indicates the average MLD at 345 m. (b) Contour of pCO2−ALR (µatm)
and (c) contour of Ωar−ALR with the same format as in (a). Residuals show variabil-
ity between CTD and ALR measurements along DT, where xi−ALR is an interpolated
value at the density and longitude where xCTD was collected, to produce residual
rcarb(x). (d) Residuals of DIC (rcarb(DIC), µmol/kg) along longitude. Black circles
represent residuals calculated as rcarb(DIC) = DICCTD - DICALR. Circles outlined in
red represent residuals below the MLD. The dashed line indicates the mean residual
(7 µmol/kg). (e) Residuals of pCO2 (rcarb(pCO2), µatm) along longitude with mean
residual of 17 µatm, and (f) residuals of Ωar (rcarb(Ωar)) along longitude with mean
residual of -0.06, both with the same legend as in (d) for respective parameters. Grey
shaded regions in bottom plots represent running combined standard uncertainty, in-
cluding error propagation, with means of (d) ±11 µmol, (e) ±24 µatm, and (f) ±0.17.

For calculated carbonate system evaluation in the DT, the median (x̃) residual is also
reported because the mean residual is skewed from comparisons near 10°45’ W
(Figure 2.12d–f). Compared in density space, the measured DICCTD and the calculated
DICALR in the DT result in a mean residual of 7 µmol kg−1 (σ=9 n=20, x̃=5). 85% of
rcarb(DIC) lie within the mean combined uncertainty of ±11 µmol kg−1 (Figure 2.12d).
Between calculated pCO2 from both the ALR and CTDs, mean rcarb(pCO2) is 17 µatm
(σ=18, n=20, x̃=13) where 75% of the residuals lie within the uncertainty region of ±24
µatm (Figure 2.12e). Finally, the mean rcarb(Ωar) is -0.06 (σ=0.06, n=20, x̃=-0.05). Of the
Ωar residuals in the DT, 95% are within the combined standard uncertainty region
spanning on average ±0.17 (Figure 2.12f). As mentioned previously, there are large
disparities between the ALR and CTD carbonate parameters along the DT near 10°45’
W that were likely amplified as they propagated through the carbonate calculations.
Divergences in r(S), r(T), r(DO), and r(pHT) are in the same location (10°45’ W) of the
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DT (Figure 2.7b, Figure 2.8a–c). This shows each input parameter—and their
differences—contribute to calculated carbonate variable final values. For all residuals
of calculated carbonate variable comparisons within the DT, those that lie below the
MLD (outlined in red in Figure 2.12d–f) are the smallest, reflecting the higher
biogeochemical homogeneity at depths where biological processes are less dominant.

Overall, carbonate system parameters calculated using ALR-sensor pH and TA are
comparable to those calculated from the CTD sample measurements with most
residuals within the expected combined analytical uncertainty. This does not only add
confidence to the quality of the sensor measurements, but also to the data treatment
used (i.e. spatial interpolation) to enable carbonate system characterisation. It is
important to note that the residuals calculated from comparisons between ALR and
CTD observations reflect not only the analytical uncertainty of the sensor and
laboratory measurements, but also the spatiotemporal mismatch between the two.
Measurements uncertainties of pHT and TA from both sensors and discrete bottled
samples met GOA-ON’s weather quality objective (0.02 for pHT, 10 µmol kg−1 for TA)
but not the climate quality objective (0.003, 2 µmol kg−1) (Newton et al., 2019).
Similarly, the uncertainty in DIC measurements—both directly from bottled samples
and as propagated error from CO2SYS—met the weather quality objective (10 µmol
kg−1) but fell short of the climate quality standard (2 µmol kg−1) (Newton et al., 2019).
The presented work suggests that the autonomous technology described here can
provide viable carbonate system information along transects as it has been
traditionally done so far from ships. However, further work is necessary to improve
the analytical performance of the autonomous sensors, in order to match the
measurement quality that can be achieved through laboratory analysis, and satisfy
EOV quality objective requirements such as GOA-ON’s.

Considerations must also be paid to sensor operation and specifically to measurement
synchronisation. The carbonate sensors on the ALR were configured to make
measurements at their maximum measurement frequency as illustrated in Table 2.1. A
2.5 minute difference between the pH LOC and TA LOC measurements may seem
small but it translates into a spatial mismatch in the order of around 100 m.
Traditionally, the carbonate system is characterised from measurements (usually TA
and DIC) of the same sample. In the case of the ALR observations, the mismatch was
addressed by gridding the TAALR and pHT−ALR data and using the resulting
compatible arrays for the carbonate system calculations. Although this is a valid
approach in accounting for this issue (McIntosh, 1990; Ledoux et al., 2005; Sambridge
et al., 1995), special care must be taken when applying this treatment in waters with
high spatial biogeochemical variability such as productive surface waters, fronts, and
sharp vertical gradients. Our data demonstrates that comparisons between ALR and
CTD measurements can be challenging in productive surface waters when there is a
sample measurement mismatch in space and time. Inevitably, carbonate system
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parameters calculated from interpolated values will carry uncertainty that will be
difficult to quantify. To avoid this issue, it is, therefore, recommended that sensors are
configured so that measurements coincide as much as possible, especially when
monitoring in biogeochemically heterogeneous waters.

2.3.4 Future perspectives

To this day, ship-based hydrography remains the only method for obtaining high
quality carbonate system data over the full ocean column. Global hydrographic
surveys have been carried out across defined transects (e.g., GO-SHIP (Sloyan et al.,
2019)) approximately every decade since the 1970s, and they are the primary source of
information on the status and changes to the ocean carbon system. The advancement
of AUVs equipped with carbonate sensors presents a new breakthrough in dynamic
observing, monitoring, and characterising the marine carbonate system at high
spatiotemporal resolutions. This high-resolution data is necessary to understand
fine-scale processes and localised high-frequency changes in pH and CO2 fluxes. The
work presented here demonstrates that autonomous ocean observing technology is
reaching a readiness level where it can generate carbon observations currently only
possible using ships. As it stands, AUV endurance cannot cover the longest of the
GO-SHIP repeat transects (in the order of 10,000 km), while sensor analytical
performance also needs to be improved. The LOC sensors are designed to be
integrated onto other platforms. The key consideration for integration is the
availability of supplementary data (S, T, P) required for parameter determination by
the sensor. Following this, the primary limiting factor for LOC sensors in these types
of autonomous deployments is power demand, whereas in systems with continuous
power (e.g., underway ship systems or cabled arrays), reagent supply and occasional
mechanical or electronic failures become more critical limitations. Optimal sensor
performance requires balancing sampling frequency with deployment duration, site
conditions, power availability, and spatial constraints to effectively manage reagent
storage, waste disposal, mechanical wear, and biofouling limitations, particularly on
long-duration or high-frequency missions. Nevertheless, future advancements in
battery technology and improvement in sensor performance could see AUV-based
carbon observations meet the requirements of the observing community while
increasing data resolution and reducing carbon footprint. By leveraging autonomous
technology to observe and constrain the marine carbonate system, today’s scientists
can better study critical climate issues while ensuring not to contribute to the very
problem we seek to understand and mitigate.
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Coastal Marine Carbon and Air-Sea
Fluxes Quantified from pH Sensors
on an Extended AUV Deployment
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Keypoints

• Autonomous observations reveal fine-scale spatiotemporal variability and
seasonal processes in carbonate chemistry and air-sea CO2 fluxes/.

• The Celtic Sea acts primarily as a CO2 sink in May–June; shown by one of the
region’s most detailed continuous carbonate datasets collected.

• Small pH differences can reverse CO2 flux direction under high winds

Abstract

For the first time, the Autosub Long Range (ALR) completed a fully-autonomous,
long-distance (2000 km) scientific mission, delivering new insight into coastal
carbonate dynamics and air-sea CO2 fluxes. Equipped with a suite of oceanographic
sensors—including a Lab-on-Chip (LOC) pH sensor, a SeaBird SeaFET pH sensor, a
conductivity-temperature-depth sensor (CTD), and a dissolved oxygen sensor—the
mission generated nearly 50000 high-resolution pH measurements, providing one of
the most detailed continuous coastal carbonate datasets collected to date in this
region. We evaluated sensor performance and adjustment of the SeaFET k0 parameter
using various reference pH inputs, including neural network estimates. The LOC and
SeaFET pH sensors showed close agreement (∆pHT = 0.013 ± 0.009), which improved
further after k0 adjustment (∆pHT = 0.00004 ± 0.007), while both diverged from
model estimates, underscoring the inability of models to resolve fine-scale coastal
variability. Total alkalinity (TA) was derived from salinity-based relationships and
model predictions, and paired with pH (raw, corrected, and modelled) to estimate the
partial pressure of CO2 (pCO2), which ranged 263–598 µatm. Resulting air-sea CO2

fluxes ranged –17.0–7.1 mmol m−2d−1, with the Celtic Margin acting as a net CO2 sink
in May–June. Flux direction proved highly sensitive to subtle pH differences under
high winds, but far less to TA estimates. Our findings demonstrate the critical role of
high-resolution how high-resolution autonomous observations in quantifying coastal
carbonate dynamics and CO2 fluxes, capturing processes and variability that are
largely unresolved by ship-based surveys or global models.
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Plain Language Summary

For the first time, the Autosub Long Range (ALR), a robotic underwater vehicle,
completed a long-distance (2,000 km) scientific mission without ship support. During
the mission, the ALR collected ocean data using sensors that measured water
temperature, oxygen, and seawater acidity (pH). The mission generated nearly 50000
high-resolution pH measurements, providing one of the most detailed continuous
coastal carbonate datasets collected to date in this region. We evaluated how well two
onboard pH sensors agreed with each other, as well as with model-based estimates,
and we tested the efficacy of an applied correction method. After correction, the
sensors closely agreed, showing that autonomous platforms can gather high-quality
chemical measurements used to quantify and evaluate marine carbon dynamics. We
used the pH data, along with estimates of total alkalinity, to calculate the amount of
carbon dioxide (CO2) exchanged between the ocean and atmosphere, finding that the
region operates primarily as a sink for carbon in May–June. Our calculations were
strongly influenced by the choice of pH input but much less by alkalinity, highlighting
the importance of accurate pH observations. This study shows that autonomous
sensors can improve monitoring of carbon cycling in coastal waters, which are
dynamic, understudied regions that play a key role in the global carbon system.
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3.1 Introduction

Carbon dioxide (CO2) levels in the atmosphere have increased by nearly 52% since the
onset of the Anthropocene, with 2024 emissions exceeding 11.4 GtC yr−1, which is 0.3
GtC yr−1 higher than in 2023 (Friedlingstein et al., 2025). It is well defined that the
ocean is a critical component of the global carbon cycle and plays a crucial role in
moderating the rise in atmospheric CO2. The global net uptake of CO2 by the oceans,
known as the ocean sink, was 2.9 ± 0.4 GtC yr−1 in the last decade, accounting for
26% of anthropogenic CO2 annually (Friedlingstein et al., 2025; Quéré et al., 2009a).
Yet, the dissolution of CO2 into seawater affects its chemical equilibria, driving ocean
acidification (OA) and altering the marine carbonate system— with lasting impacts
that ripple across ecosystems, food webs, and global climate processes (Caldeira and
Wickett, 2003; Feely et al., 2004; Barker and Ridgwell, 2012; Wolff, 2007). As
atmospheric CO2 continues to rise, the ocean’s capacity to buffer global climate
change diminishes (Tans, 2009). Models now project a buffer capacity decline by up to
34% by 2100, likely accelerating OA and related biogeochemical perturbations (Jiang
et al., 2014). Inorganic carbon (the ocean carbonate system) has been deemed an
essential ocean variable (EOV) by the Global Ocean Observing System (GOOS);
highlighting to the criticality of ocean carbon observations for the assessment of the
ocean carbon budget and the quantification of carbon transfer between the
atmosphere and ocean (air-sea CO2 fluxes) (Tanhua et al., 2019).

Over the past decades, high quality ship-based ocean carbon observations— driven by
programs like GO-SHIP and Ships of Opportunity (SOOP), and data synthesis efforts
such as the Global Ocean Data Analysis Project (GLODAP), and the Surface Ocean
CO2 Atlas (SOCAT)— have substantially advanced our understanding of ocean
carbon cycling. These coordinated initiatives have provided extensive,
quality-controlled datasets for global climate models quantifying air–sea CO2

exchange and ocean carbon budgets (McKinley et al., 2016; Schuster et al., 2013;
Khatiwala et al., 2013; Wanninkhof et al., 2013). However, ocean carbon data remain
sparse in space and time especially in coastal regions and along continental margins
where carbon cycling is poorly understood (Marrec et al., 2015; Roobaert et al., 2019;
Regnier et al., 2013). Coastal areas exhibit high variability due to complex physical,
biogeochemical, and anthropogenic influences, complicating efforts to scale localised
observations to the global level. These highly productive regions— accounting for
15–30% of global oceanic primary production— are characterised by enhanced air-sea
CO2 fluxes and are particularly vulnerable to anthropogenic forcings such as OA and
eutrophication (Gattuso et al., 1999; Duarte et al., 2013; Marrec et al., 2015). Improving
observational coverage and mechanistic understanding of coastal systems is critical
for reducing uncertainties in the global carbon budget and refining climate projections
and mitigation efforts.
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Autonomous observing platforms have expanded high-resolution observations of key
physical and biogeochemical observations. For example, the Biogeochemical Argo
(BGC-Argo) Float Program is a global array of autonomous profiling floats equipped
with sensors to measure key biogeochemical variables such as oxygen, pH, nitrate,
chlorophyll, and particulate matter (Claustre et al., 2020; Roemmich et al., 2019).
BGC-Argo has become a key tool, critical for tracking ocean carbon cycling, improving
biogeochemical models, and supporting global carbon budget assessments. Efforts to
integrate carbonate sensors onto other autonomous platforms such as Uncrewed
Surface Vehicles (USVs), Autonomous Underwater Vehicles (AUVs), and gliders are
also well underway. For example, Saildrones and Wave Glider USVs have been
equipped with the partial pressure of CO2 (pCO2) systems (USVpCO2), enabling CO2

flux quantification (Sutton and Sabine, 2023; Sabine et al., 2020). Sensors for pH and
pCO2 have been integrated on gliders (e.g Saba et al. 2019; Hauri et al. 2024) including
Lab-On-Chip (LOC) pH sensor for quantification of sea-atmosphere CO2 fluxes in the
North Sea and carbonate system dynamics by the Dodson ice shelf (Possenti et al.,
2021; Pickup et al., 2025). More recently, LOC sensor prototypes measuring total
alkalinity (TA) and pH enabled complete carbonate system characterisation from a
Long Range AUV (Hammermeister et al., 2025), marking the first time this was
achieved using direct autonomous observations.

The marine carbonate system is defined by four key variables: dissolved inorganic
carbon (DIC), TA, pH, and pCO2. Any two of these variables, combined with
temperature, salinity, and pressure, can be used to calculate the remaining two
variables through a well-established system of stoichiometric equations (Park, 1969;
Millero, 1995, 2007). Currently, only pH and pCO2 sensors are commercially available
and widely used for autonomous subsurface deployment (Martz et al., 2015).
However, the environmental covariance of pH and pCO2 makes them the least
desirable combination to constrain the carbonate system, as it leads to large
uncertainty in the derived variables (Orr et al., 2018; Raimondi et al., 2019; Sutton and
Sabine, 2023). Currently, carbonate system characterisation from autonomous
platforms (e.g., BGC Argo floats) relies heavily on algorithm-derived or estimates of
TA paired with measurements of either pH or pCO2). As a conservative parameter in
ocean chemistry, TA exhibits a strong linear relationship with salinity in the surface
waters of the open ocean, allowing the development of salinity-based algorithms to
predict TA where direct measurements are unavailable (Takahashi et al., 2014; Cai
et al., 2010; Lee et al., 2006; Millero et al., 1998). The global coverage of the BGC Argo
network has helped refine and validate more advanced models that incorporate
temperature, oxygen, and other biogeochemical variables to estimate TA across a wide
range of oceanic environments. These estimates are used with measured pH to
calculate pCO2 and its exchange with the atmosphere (Williams et al., 2017). The
quality of these calculations is proportional to the uncertainty of both the TA
estimation and the pH sensor measurements which can be a challenge to quantify
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over extended autonomous deployments. On BGC-Argo floats, pH sensor stability
and accuracy is managed through frequent in situ recalibration: when the float is in
deep (below 1000 m) waters where pH is stable and well constrained (Maurer et al.,
2021). However, this approach cannot be applied in shallower and more dynamic
coastal environments, where pH variability and complex biogeochemical processes
render model-based reference values less accurate. Consequently, monitoring pH
sensor performance on autonomous platforms in coastal areas remains a significant
challenge.

Without reliable recalibration and validation methods in coastal zones, changes in pH
sensor performance compromises the quality of derived carbonate system variables
and reduces confidence in autonomous air–sea CO2 flux estimates—especially in
under-observed, highly variable environments where precise monitoring is most
critical.

The work presented here addresses this challenge by investigating the use of a
low-frequency (1 hr) photometric pH sensor as an onboard reference for periodic
recalibration of high-frequency (1 min) electrochemical pH sensors, commonly used
on profiling floats and other fast moving platforms. This approach was tested during
the first shore-launched and recovered, long-range scientific mission of the Autosub
Long Range (ALR) AUV. We evaluate the environmental data collected by the
onboard sensors during the 35-day mission and conduct an intercomparison of the
two onboard pH sensors against community-adopted correction protocols and model
estimated pH. Our analysis assesses the feasibility of sensor cross-validation for
recalibration in coastal settings, examines the role of TA derivation and
methodological choices, explores fine-scale spatiotemporal variability in carbonate
chemistry, and evaluates the implications for determining pCO2 and air-sea CO2

fluxes. This work aims to demonstrate the new capabilities enabled by novel
autonomous technology and represents a step towards improving the reliability and
scientific value of carbonate system observations in previously under-sampled, highly
dynamic coastal regions.

3.2 Materials and Methods

3.2.1 The Autosub Long-Range Autonomous Underwater Vehicle

Autosub Long Range (ALR) is a family of large, flight style AUVs (3.6 m length, 750
kg dry mass) developed and operated by the National Oceanography Centre (NOC)
with depth ratings of either 1500 m (ALR-1500) or 6000 m (ALR-6000) (Roper et al.,
2021). They fitted with a default baseline suite of sensors used for both navigation and
science, that include GPS, Doppler Velocity Logs (DVL)/Acoustic Doppler Current
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Profilers (ADCPs), and a conductivty-temperature-depth sensor (CTD). Underwater,
these vehicles navigate using DVL aided dead reckoning, achieving navigational
accuracy <1% of distance travelled in a straight line when in DVL bottom lock range
of the seabed. The ALR uses Wi-Fi, acoustic, and Iridium Short Burst Data (SBD®)
channels for communication with Iridium SBD serving as the primary communication
channel for remote operations. High energy-density lithium primary cells or
lithium-ion secondary cells, combined with modest travel speeds, passive buoyancy
control, and optimised power consumption of all onboard systems provide long
endurance capabilities. Large airfoil section dive wings provide downward force, and
control surfaces at the aft that allow for pitch and heading control. Typical dive rates
of 0.1–0.3 m s−1 are achieved with at a nose down pitch angle of 10–30 degrees.
Efficient propulsion is provided by a 600 mm diameter propeller, magnetically
coupled to an electric motor and gearbox that enable travel speeds through water
between 0.45–0.8 m s−1. The propeller enhances modes of operation in the vertical
plane, such as being able to profile or maintain a constant depth/altitude from the
seabed. ALR-4, an ALR-1500, was used for this deployment, and is hereafter referred
to in this text as the ALR.

3.2.2 Autonomous Mission

As a part of the ALR’s extensive development program, the Long-Distance Proving
Trial (LDPT) was defined to demonstrate the endurance capabilities of the ALR,
particularly in a scientific capacity. From the 10th of May to the 13th of June 2022, the
ALR transited independently in a south-west direction from Plymouth’s coastal
waters, past the continental shelf into open ocean (Atlantic), and back (Figure 3.1A).
The deployment consisted of dives lasting roughly 4 to 24 hours; after each dive the
ALR telemetered back decimated data and received piloting instructions for the next
dive. Following 5 weeks of operation at sea without topside vessel support, the ALR
returned to Plymouth under its own power, marking its longest and furthest
deployment to date (as of March, 2022). Throughout the deployment, the ALR
performed various sampling patterns at different depths and profiling frequencies
(Figure 3.1. B) and tested its ability to follow mission instruction dependent on
sampling needs (Phillips et al., 2023). The total expected power consumption in this
configuration was 32 W giving an expected maximum endurance of 100 days and
range of 4750 km at a speed of 0.55 m s−1.

Sensors and Equipment

The ALR has flooded payload bays that sit forward and aft of its main pressure hull
and can be configured with a wide range of oceanographic sensors in addition to its
standard sensor payload. As a part of its standard payload, the ALR was equipped
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FIGURE 3.1: Long-Distance Proving Trial (LDPT) study site located Southeast off the
coast of England in the Celtic Sea and continental margin. (A) Map of the entire de-
ployment track of the Autosub Long Range (ALR) departing from and returning to
Plymouth, UK. The green shaded area represents the DY149 ship-supported ALR tran-
sect conducted in March 2022 with ALR-2. (B) ALR transect and dive profiles plotted
as depth (m) over time (mid-May to early June 2022), with seafloor bathymetry (black
shading). For both (A) and (B) the outbound track of the ALR is shown as a solid blue

line and the inbound track is shown as a dashed red line.

with a pumped CTD (SBE 52-MP) sensor, which for this mission, was equipped with
an auxiliary SBE 43F dissolved oxygen (DO) sensor. The CTD-DO operated at a
frequency ( f ) of 1 Hz (1 measurement per second) and provided measurements of in
situ temperature (T), salinity (S), pressure (P), and dissolved oxygen (DO). The
forward bay of the ALR was fitted with an Lab-On-Chip pH (LOC; NOC) sensor, and
a Deep SeaFET V2 (SeaFET; SeaBird Scientifc) electrochemical pH sensor (Figure 3.2
and Table 3.1).

The LOC pH sensor determines pH on the total proton scale (pHT) photometrically
using purified meta-Cresol Purple (mCP) as the indicator dye. It achieves a precision
of 0.001 pH units associated with a 0.003 ± 0.022 accuracy relative to validation
seawater samples and a combined standard measurment uncertainty of ± 0.010 pH
units (Yin et al., 2021). The SeaFET uses a solid-state ion-sensitive field-effect transistor
(ISFET) sensor to measure pH by detecting hydrogen ion concentration in seawater
(based on Honeywell’s Durafet ISFET technology; Johnson et al. 2016). The SeaFET
sensor has a reported pH accuracy of 0.05 pH units on the total scale and is therefore
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FIGURE 3.2: Schematic of Autosub Long Range 1500 (ALR) equipped with scientific
instrumentation for the Long-Distance Proving Trial deployment. A zoomed view into
the front bay of the ALR shows how the CTD-DO, each pH sensor, and sample intake
systems, were situated. When positively buoyant at the surface, the ALR sits mostly

submerged, with the sensor intakes approximately 0.4 m below the waterline.

TABLE 3.1: Summary of pH sensors used for deployment

pH Sensor
Determination

Method

Measurement

Uncertainty

Measurement f

(LDPT Deployment)
Depth Rating

Lab-On-Chip

NOC

(Southampton, UK)

Photometric, mCP reagent 0.01 pH 1 measurement / hour 6000 m

SeaFET

Sea-Bird Scientific

(Seattle, WA, US)

Electrochemical, ISFET 0.05 pH 1 measurement / min 2000 m

used here as a first-order estimate of the SeaFET pH measurement uncertainty
(Sea-Bird Scientific, 2024, 2025). A summary of the two pH sensors used in this
deployment can be found in Table 3.1.

The LOC pH sensor drew power from an isolated 25.2 V 152 AH Lithium Thionyl
Chloride battery pack, 1 of 30 total fitted to power the ALR. A DC-DC converter
provided 12 VDC required by the sensor. The SeaFET was independently powered by
its 12 D-cell alkaline internal batteries. The SeaFET sensor was fitted with a flow-cell
cap and plumbed into the flow-through system shared by the CTD-DO sensors.
Seawater was continuously pumped from an intake outside the ALR’s fairing, 43 mm
below the centreline of the vehicle (Figure 3.2). The LOC pH sensor sampled seawater
through a 0.7 mm PEEK tube and filter (0.45 µm pore size and 2.5 cm diameter)
perturbing the ALR’s front fairing, 30 mm below its centreline (Figure 3.2). All sensors
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operated continuously (See Table 3.1) from the ALR’s deployment until its recovery
without interruption and although the ALR surfaced frequently for data transfer and
navigation updates, sensor water intakes remained submerged approximately 400
mm below the sea surface, depending on sea state (Figure 3.2).

3.2.3 Sensor Data Processing

In situ T, S, and P measurements from the CTD-DO sensor were time-matched with
pH sensor measurements manually post-recovery and were used to determine in situ
pHT as described in (Yin et al., 2021) for the LOC pH sensor and manufacturer’s
instruction (AN-99; (Sea-Bird Scientific, 2024)) for the SeaFET pH sensor. More details
on the calculations and calibrations of each sensor are provided in the Supporting
Information (e.g., Table B.1). The mixed layer depth (MLD) was determined using the
threshold method with criterion ∆σθ = 0.125 kg m−3 where σθ represents potential
density (Monterey and Levitus, 1997; Levitus, 1982; de Boyer Montégut et al., 2004b).

Correction of pHSeaFET Data

Although SeaFET sensors have demonstrated good measurement stability over time
relative to other electrochemical and optical sensors (e.g., Bittig et al. 2018; Johnson
et al. 2016), signal drifts over long autonomous deployments are unavoidable and
hard to quantify. In comparison, spectrophotometric pH measurements are resistant to
drift due to long-term stability of the indicator dye and principle of the measurement
which is independent of changes in detector sensitivity and light source intensity
(Müller and Rehder, 2018; Mosley et al., 2004; Rérolle et al., 2012, 2016). The SeaFET
sensor measures in situ pHT (pHSeaFET) by detecting the voltage difference between
the ISFET source and the reference electrode, which is directly exposed to seawater
and sets the reference potential (k0) using the salinity-dependent conservative
concentration of chloride ions in seawater (Johnson et al., 2016; Sea-Bird Scientific,
2024; Dickson et al., 2007). This measured potential is then transformed into pHT

through calibration coefficients. Despite careful calibration practices in the laboratory
before deployment, k0 shifts may occur in response to environment temperature
changes because the Nernst slope (which transforms sensor potential into pH) is
temperature-dependent (Johnson et al., 2017, 2016). To combat the resulting sensor
drift and reach accuracy levels required for global CO2 system studies (Newton et al.,
2015), pHSeaFET data from Argo profiling floats are corrected by adjusting the sensor’s
k0 based on established calibration procedures (Johnson et al., 2016).

The correction procedure developed for Argo float pH data (Maurer et al., 2021)
assesses the changes in k0 by comparing in situ pH values measured against a
reference (pHref) to calculate an at-depth (typically around 1500 dbar for Argo floats)
pH anomaly. This approach was used in this study to drift-correct the pHSeaFET
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observations using a reference depth of 500 m adapted to account for the shallower
ALR mission. As with the Argo float pH corrections, pHref was calculated based on
Empirical Seawater Property Estimation Routines from neural networks (ESPER-NN)
(Carter et al., 2021). ESPER’s Locally Interpolated Regression (ESPER-LIR) routine
was also used to generate pHT values for comparison but not used as a reference pH
due to its similarity to the more rigorous ESPER-NN output. The ESPER-NN and
ESPER-LIR routines produced pHT estimates, hereafter labeled as pHNN and pHLIR

respectively. For this work, ESPER was the chosen routine for estimating pH given the
following reasons:

1. ESPER’s inclusion of new data from GLODAPv2.2020 data product.

2. Algorithm imitates the design of the widely regarded “Carbonate system and
Nutrients concentration from hydrological properties and Oxygen using a
Neural-network version B” (CANYON-B) algorithms by (Bittig et al., 2018;
Sauzède et al., 2017).

3. Use of a new first-principles-based approach to estimate anthropogenic impacts
on pHT as updated from the OA adjustment presented with the locally
interpolated pH regression (LIPHR) product by (Carter et al., 2018).

4. Quantifiable uncertainty estimation is returned by the routines.

5. Robust assessments, particularly in the North Atlantic region.

Estimates calculated through both ESPER products used inputs T, S, DO, depth and
GPS coordinates measured by the CTD-DO and ALR systems, with the estimate date
set to 2022. For comparison, we evaluate the use of two different pHref for the pHSeaFET

adjustments. Since the LOC pH sensor measurements (pHLOC) had spatiotemporal
crossovers occurring every ∼ 60th SeaFET measurement, it was used as the second
pHref alongside pHNN. By correcting the high frequency pHSeaFET measurements to
the stable and accurate pHLOC measurements, we maximise the strengths of each
sensor, resulting in a high-resolution and reliable dataset. The pHSeaFET k0-adjusted
using pHLOC will henceforth be referred to as pHk0–LOC and the pHSeaFET k0-adjusted
using pHNN will henceforth be referred to as pHk0–NN.

To determine the adjustment and overcome the offsets and drift calibration jumps that
often occur during the sensor’s life, the pH anomaly time series was divided into
separate segments bound by breakpoint nodes determined by a cost function (Killick
et al., 2012). The MATLAB function ischange (The Mathworks Inc., 2024), was used to
perform the binary splitting that separated the segments to find the optimal location
of an increasing number of breakpoints which is constrained by a threshold value on
the mean residual. The threshold value— most commonly set to 0.005 pH units by the
Argo community(Maurer et al., 2021)— specifies the sensitivity of change detection
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and is driven by the target accuracy of the sensor. If the threshold value is omitted or
set too low, an excessive number of breakpoints will be detected and is equivalent to
assuming no inherent noise (points with a few changes will be detected), which is
inconsistent with known sensor behavior (Maurer et al., 2021). Next, a linear least
squares fit was applied to each anomaly data series between each node, determining
offset and drift values for each section (see Figure 3.5). Since the k0 adjustment using
pHLOC was derived from observation-based pHT with less measurements than
pHSeaFET, each linear rate of change segment was applied across the pHSeaFET data set
based on breakpoint nodes timestamps.

Conceptually, the linear rate of change should be applied to the k0, assuming that the
reference potential is drifting over time. Hence, a temperature-relation correction
(TCOR) term is then applied to the determined correction value by normalizing the
adjustment along the section to the temperature at which the adjustment was derived.
Temperature-normalised changes in pH are calculated by multiplying the change in
pH computed at depth by the ratio of the absolute temperature of the sample to the
absolute temperature at reference depth. The constant at-depth reference temperature
value of 10 °C is used as determined by the mean temperature recorded by the ALR
below 500 m.

Comparison of pHT Data

The differences between pHT values (∆pHT) measured by sensors and estimated from
ESPER are calculated to evaluate the agreement between methods and variance within
each method. Additionally, combined standard uncertainty ,uc, was calculated when
comparing pHT values. It was calculated as the positive square root of the combined
variances using Equation 3.1 and based on the documented uncertainties of the
sensors and estimate routines (JCGM et al., 2008).

u2
c(y) =

N

∑
i=1

u2
i (y) (3.1)

3.2.4 Carbonate System and Flux Calculations

Total Alkalinity Derivation

To constrain the marine carbonate system and consequently calculate CO2 flux,
another measurable carbonate input parameter is needed. We use four different
methods to derive total alkalinity (TAn) to compare the impact of each method on
calculated pCO2 and CO2 flux. TA1 was determined from salinity based on the
relationship of Takahashi et al. (2014) and TA2 was determined from salinity and
temperature based on Lee et al. (2006). Other algorithms exist for TA estimation (e.g.,
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Cai et al. 2010; Millero et al. 1998), however, the Takahashi et al. and Lee et al.
relationships are best suited for the North Atlantic. TA3 and TA4 were determined by
implementing ESPER-LIR and ESPER-NN (Carter et al., 2021) estimations
respectively, using inputs T, S, DO and GPS coordinates measured by the CTD-DO
and ALR systems, with the estimate date set to 2022 (Table 3.2).

Calculation of pCO2 (pH, TA)

The speciation of the carbonate system was characterised using the MATLAB (version
v3.1.1; The Mathworks Inc., 2024) CO2SYS package (Sharp et al., 2023b; Orr et al.,
2018; van Heuven et al., 2011a; Lewis and Wallace, 1998) with measured pHT and
derived TA concentrations as the carbonate input parameters as well as T, S, and P
from the CTD on board the ALR. Following the recommendations from (Dickson
et al., 2007), CO2SYS computations used the dissociation constants of carbonic acid
(K1 and K2) from (Lueker et al., 2000), KSO4 from (Dickson, 1990), KF from (Perez and
Fraga, 1987), and total boron concentration from (Lee et al., 2010). Similar to TA,
different pHT measurements (both uncorrected and corrected) were evaluated to
assess their impacts on the final pCO2 values. Therefore, several combinations of pHT

and TAn were used to derive seawater pCO2 (Table 3.2).
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TABLE 3.2: Input combinations of pH and TA used to calculate pCO2

Label pH input TA input pH Correction

pH1TA1 pHSeaFET Takahashi et al. (2014)
a

n/a

pH1TA2 pHSeaFET Lee et al. (2006)
b

n/a

pH1TA3 pHSeaFET ESPER-LIR n/a

pH1TA4 pHSeaFET ESPER-NN n/a

pH2TA1 pHk0-LOC Takahashi et al. (2014) pHSeaFET k0-adjusted using pHLOC

pH2TA2 pHk0-LOC Lee et al. (2006) pHSeaFET k0-adjusted using pHLOC

pH2TA3 pHk0-LOC ESPER-LIR pHSeaFET k0-adjusted using pHLOC

pH2TA4 pHk0-LOC ESPER-NN pHSeaFET k0-adjusted using pHLOC

pH3TA1 pHk0-NN Takahashi et al. (2014) pHSeaFET k0-adjusted using pHNN

pH3TA2 pHk0-NN Lee et al. (2006) pHSeaFET k0-adjusted using pHNN

pH3TA3 pHk0-NN ESPER-LIR pHSeaFET k0-adjusted using pHNN

pH3TA4 pHk0-NN ESPER-NN pHSeaFET k0-adjusted using pHNN

a TA = 45.30(S) + 733.00; Location range: 40°N–55°N, 60°W–10°E
b TA = 2305 + 53.97(SSS − 35) + 2.74(SSS − 35)2 − 1.16(SST − 20) − 0.040(SST −

20)2, Location range: Mid Atlantic Drift, 30°N–80°N

CO2 Flux Calculations

To estimate the air-sea CO2 fluxes from data collected by the ALR we use the bulk flux
formulation:

CO2 f lux = kw × K0 × ∆pCO2 (3.2)

where CO2 flux is the net CO2 transfer (positive from ocean to atmosphere), kw is the
gas transfer velocity (m s−1), K0 is the solubility of CO2 in seawater (mol m−3), and
∆pCO2 = pCO2,ocean – pCO2,atm is the air-sea difference in partial pressure of
CO2(µatm). As described in Section 3.2.4, xCO2 (the mole fraction of CO2 in dry air
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assuming 1 atm total pressure) was calculated using CO2SYS and filtered to include
only values from when the ALR was at the surface—meaning all recorded values
measured at the fixed sensor intake depth (∼ 0.04 m below the water line). To get
pCO2,ocean needed for flux calculations, the xCO2 was then adjusted to be at
equilibrium with surface waters in accordance with ocean CO2 standard operating
procedures (Dickson et al., 2007) using the following:

pCO2,ocean = (Patm − PH20)× xCO2 (3.3)

where Patm = ambient atmospheric pressure (atm) and PH20 = vapour pressure (atm)
over seawater at a given sea surface temperature (SST) and salinity (SSS), and xCO2 =
atmospheric CO2 as mole fraction (ppm). The xCO2 was obtained from the Penlee
Point Atmospheric Observatory (PPAO;Plymouth Marine Laboratory and Yang 2017;
Yang et al. 2019; Archibald et al. 2025), part of the Western Channel Observatory
(WCO), and was converted to pCO2,atm (µatm) according to Equation 3.4:

pCO2,atm =

[︃
(PT − (

RH
100

)× PH20)

]︃
× [xCO2] (3.4)

where PT = total atmospheric pressure (in atm), RH = relative air humidity (percent),
and PH20 = vapor pressure of water at ambient temperature (Dickson et al., 2007). The
PPAO dataset had a 15-minute resolution which was linearly interpolated to match
the 1-minute resolution pCO2,ocean obtained by the sensors onboard the ALR (Figure
B.1). The solubility K0 was computed using the T and S dependent formulation by
(Weiss, 1974). The gas transfer velocity kw was parameterised following (Wanninkhof,
2014), which is defined as:

kw = 0.251 × (U10)
2 × (

Sc
660

)−0.5 (3.5)

here U10 = wind speed at 10 m height (m s−1), extracted from ERA5 reanalysis product
(Hersbach et al., 2020), and Sc = Schmidt number. Specifically for U10, the eastward
and northward components of the 10 m wind were retrieved from the Climate Data
Store (https://cds.climate.copernicus.eu/) at a 0.25 × 0.25 spatial resolution and
hourly temporal resolution. To ensure temporal consistency, the wind time series was
linearly interpolated to 1-minute resolution (Figure B.2) and time-matched to ALR
surface measurements, enabling accurate flux estimations. The Schmidt number was
calculated as a function of temperature in (°C) using:

Sc = 2116.8 − 136.25 × T + 4.7353 × T2 − 0.092307 × T3 + 0.0007555 × T4 (3.6)

https://cds.climate.copernicus.eu/


Chapter 3 72

3.3 Results

3.3.1 Autonomous Data Collection

Following five weeks of autonomous operation, the ALR was recovered at 13:40 on
the 13th of June just south of the Plymouth breakwater. In total, the ALR travelled
approximately 2000 km, which spanned 54 separate programmed missions and over
800 hours of continuous data collection. The ALR reached depths up to 1000 m when
travelling off the continental shelf but spent most of the deployment in the top 100 m
of the water column in coastal waters.

Biogeochemical Water Properties

Figure 3.3 shows the temporal and spatial trends in T, S, and DO across the
deployment. The full range of T (9.1 – 16.5 °C), S (33.2 – 35.9 psu), and DO (174 – 317
µmol kg−1) is seen in Figure 3.3A,D,G. However, because the ALR spent 90% of the
deployment within the top 100 m of the water column, a magnified view of T, S, and
DO in the water column over time is presented in Figure 3.3B,E,H, revealing the MLD
varying between 4 and 52 m over the five-week mission. Surface conditions (top 20
m), shown in Figure 3.3C,F,I indicate a steady T increase and DO decline over time.
Salinity peaked when the ALR moved off the shelf and dropped near the coast at the
mission’s start and end, likely due to freshwater inputs (Figure 3.3 D–F).
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FIGURE 3.3: Autonomous high-resolution observations of temperature (°C), salinity
(psu), and dissolved oxygen (µmol kg−1) collected by sensons onboard the ALR dur-
ing the five-week LDPT deployment (May–June 2022). Panels (A), (D), and (G) show
full-depth profiles (to ∼ 1000 m) for temperature, salinity, and dissolved oxygen (rep-
resented by colour), respectively throughout the deployment. Panels (B), (E), and (H)
present a magnified view of the top 100 m, capturing most of the ALR’s observational
period. The black line in panels (B), (E), and (H) indicates the estimated mixed layer
depth over time. Panels (C), (F), and (I) display conditions in the upper 20 m of the
water column over time showing surface temporal trends over the course of the de-

ployment.

pH Data

The pH sensors onboard the ALR operated the entirety of the LDPT, with neither
showing evidence of hardware, software, or power malfunction. The LOC pH sensor
made 858 pHT measurements, and the SeaFET pH sensor made 49,184 pHT

measurements. Prior to any pHSeaFET corrections, combined sensor pHT measurements
ranged 7.898–8.187 (1σ = 0.380, n = 50042), with generally good agreement between
the two sensors (Figure 3.4A). The mean uncorrected pH difference between the two
sensors (∆pHT–uncorrected) was 0.013 ± 0.009 pH units (1σ, n = 858) with 99% of
∆pHT–uncorrected falling within the combined measurement uncertainty (of ± 0.051 pH
units) (Figure 3.4B). The pHSeaFET required approximately 10 days to stabilise,
exhibiting reduced drift and improved consistency with pHLOC measurements (Figure
3.4A,B). This behaviour, known as ”electrode conditioning”, is a well-documented
characteristic of ISFET technology (Martz et al., 2010; Bresnahan et al., 2014).

After correcting pHSeaFET with the k0 adjustment using pHLOC as the reference pH (see
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FIGURE 3.4: Time series comparison of pH measurements and offsets between SeaFET
pH sensor and LOC pH sensor before and after k0 adjustment (see section 3.2.3). (A)
In situ uncorrected pHT data from the SeaFET sensor (yellow) and pHLOC measure-
ments (blue diamonds) shown alongside the transiting depth of the ALR (black line).
(B) Uncorrected pH difference (∆pHT–uncorrected = pHLOC − pHSeaFET), with a mean
offset of 0.013 pH units and standard deviation of 0.009 pH units. (C) SeaFET sensor
pH referenced to LOC sensor pH via the k0 adjustment (yellow), and pHLOC (blue di-
amonds). (D) (∆pHT–corrected = pHLOC − pHk0–LOC), with mean offset of 4 × 10-5 pH
units and reduced standard deviation of 0.007 pH units. Shaded gray regions in (B)

and (D) span ± 0.051 pH units, representing combined sensor uncertainty uc.

section 3.2.3 above and Figure 3.5 below), all pHT measurements from both pH sensors
ranged from 7.911–8.200 (average ± 1σ = 0.038 ± 0.038, n=50042 ). As expected, the
two sensors showed near-perfect agreement, with the SeaFET’s electrode conditioning
period effectively removed (Figure 3.4C). The average ∆pHT–corrected approached zero
and the standard deviation was improved (1σ = 0.007), with 99% of ∆pHT–corrected

values falling within the combined measurement uncertainty (± 0.051 pH units) of the
sensors (Figure 3.4D). The time series comparison before and after correction using
pHNN as the reference pHT is not shown here due to its less effective performance and
noisier appearance, but can be found in Supporting Information Figure B.3.

Figure 3.5 illustrates the adjustment process by exhibiting the pH anomaly changes
(∆pHT) throughout each dataset (n sample) comparing pHSeaFET values against pHLOC

measurements (Figure 3.5A) and pHNN outputs (Figure 3.5B). Breakpoint nodes were
identified using respective threshold values to segment the data and calculate linear
rate of changes. Each threshold value was modified to preclude the determination of
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unrealistic breakpoint nodes. A threshold of 0.00500 was used for the pHLOC dataset
that yielded two clear breakpoints and three segmented correction rates to be applied
(Figure 3.5A). Given the particularly noisy anomaly series using pHNN, a higher
threshold value of 0.10000 was used, producing 20 breakpoints and corresponding
segments (Figure 3.5B). Threshold values are regarded in pH units. The pHLOC-based
k0 adjustment was derived from n = 858 observational pHT values, while the
pHNN-based k0 adjustment used n = 49184 neural network pHT estimates that were
aligned pHSeaFET timestamps (n = 49184).

FIGURE 3.5: Correction of pHSeaFET values with k0 adjustment method using (A)
pHLOC and (B) pHNN as the pHref. The plots represent the pH difference (∆pHT on
y-axis) between each pHref and pHSeaFET for each measurement taken (n sample on x-
axis) represented by blue dots. The vertical dashed black lines indicate each instance
where a breakpoint node was identified based on the defined threshold criteria (A:
0.00500, B: 0.10000). Red lines show each segmented linear correction rate to be ap-
plied between each breakpoint. The local calibration method (A) shows tighter agree-

ment and lower variance compared to the neural network adjustment (B).

Results from this section provide strong evidence that pHk0–LOC quantitively
represents the most reliable pH determination with the least associated uncertainty,
and will henceforth be regarded as such. In the following sections, downstream
products calculated from pHk0–LOC (or pH2) are emboldened (green) in figures
comparing observation methods, and serve as the primary dataset for scientific
interpretations.
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3.3.2 pCO2 Data

Using various combinations of three different pHT datasets and four different derived
TA datasets, oceanic pCO2 values were calculated during the LDPT, and ranged from
263–598 µatm (n = 590208, all combinations). Figure 3.6 shows the distribution of
pCO2 generated by each dataset combination. The pCO2 results highlight a noticeable
pH input dependency, the extent of which is further supported by the matrix analysis
found in the Supporting Information (Figure B.5). Notably, the highest pCO2 values
(up to 598 µatm) were predominately associated with the pH3 (pHk0–NN) input, while
the lowest values were associated with the pH2 (pHk0–LOC) combination.

FIGURE 3.6: Comparison of calculated seawater partial pressure of CO2 in µatm
(pCO2, y-axis) using different input pH and total alkalinity (TA) combinations (See
Table 3.2). Box plots show pCO2 distributions grouped by pH input (1) uncor-
rected SeaFET sensor pH measurements (yellow), (2) k0-adjusted pH using pHLOC
(pHk0–LOC, emboldened green), and (3) k0-adjusted pH using neural network-derived
estimations (pHk0–NN, red). For each method, four TA values (TA1–TA4) were paired
with corresponding pH inputs to assess sensitivity. The central line in each box in-
dicates the median value of each pCO2 distribution, the box bounds correspond to
interquartile ranges, whiskers extend to data within 1.5 times the interquartile range,

and red crosses indicate outliers.

The pCO2 results can be grouped according to the input pHT used in the carbonate
calculation. When calculated using pHSeaFET (pH1), the average pCO2 seen is 413 ± 39
µatm (1σ, n = 196736) across the deployment. In comparison, pCO2 calculated using
pHk0–LOC (pH2) yielded a lower mean value of 399 ± 39 µatm, while calculations



77 Chapter 3

using pHk0–NN (pH3) produced a higher average of 438 ± 38 µatm and showed a
greater number of outlying values (Figure 3.6). When plotted against time (Figure 3.7),
the pCO2 values from each group track broadly similar temporal patterns, responding
coherently to environmental changes and vehicle depth during the deployment.
However, consistent offsets persist between the different pH input types. The black
trace, representing ALR depth, revelas that the largest pCO2 values and sensor
divergences often coincide with periods of vertical profiling or rapid depth change, a
potential indication into when sensor calibrations or correction becomes most
impactful. Notably, pHk0–NN-based pCO2 values remain persistently higher
throughout the mission, amplified during deeper dives, while pHk0–LOC-based values
are tend to be lower (Figure 3.7). These offsets, while systematic, also appear to
diverge slightly at certain timescales, suggesting both sensor-specific differences and
variable sensitivity to environmental conditions.

FIGURE 3.7: Time series of partial pressure of CO2 in µatm (pCO2, left y-axis) grouped
by pH input used in carbonate calculations: pHSeaFET (yellow), LOC k0-corrected
(pHk0–LOC, emboldened green), and neural network k0 corrected pH (pHk0–NN, red).
All pCO2 shown here were calculated using TA1 as the other carbonate input parame-

ter. The ALR transect depth (black, right y-axis) is overlaid.

A matrix analysis that compared the mean pCO2 differences across various input
combinations revealed that TA input choice has marginal contribution to derived
pCO2, while pH input choice has a larger impact on final derived pCO2 values. When
the pHT is held constant for calculating pCO2, results vary by a maximum of 3 µatm.
In contrast, holding TA constant while varying pHT leads to pCO2 differences up to 42
µatm (Figure B.5).
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Figure 3.8 shows the temporal and spatial trends of pHk0–LOC and pCO2 calculated
using pHk0–LOC and TA1 (Lee et al., 2006). The full range of pHk0–LOC (7.911–8.200) and
pCO2 (265–578 µatm)is seen in Figure 3.8A,D, and a magnified (top 100 m) view of
pHk0–LOC and pCO2 is seen in 3.8B,E. Throughout the water column, as depth
increases pHT decreases and pCO2 increases. Surface values (top 20 m), shown in
Figure 3.8C,F for both parameters are variable but indicate a slight decrease in pHT

and increase pCO2 over time. Notably, there is a drop in surface pHT and peak in
surface pCO2 around May 24, 2022, which coincides with the deepest MLD, when the
ALR is furthest from shore and crossing continental shelf break (Figures 3.8 and 3.1).

FIGURE 3.8: Autonomous high-resolution observations of pHT and pCO2 (µatm) dur-
ing the five-week LDPT deployment (May–June 2022). Plotted pHT measurements
(panels A–C) are from the SeaFET pH sensor k0-corrected to the LOC pH sensor
(pHk0–LOC). Plotted pCO2 values (panels D–E) are calculated using pHk0–LOC and TA1
as input parameters. Panels (A) and (D) show full-depth profiles (to ∼ 1000 m) of pHT
and pCO2 respectively (represented by colour), throughout the deployment. Panels
(B) and (E) present magnified views of the top 100 m. The black line in panels (B) and
(E) indicates the estimated mixed layer depth over time. Panels (C) and (F) display

parameter values in the upper 20 m of the water column over time.

3.3.3 CO2 Flux

Building on the pCO2 estimates, CO2 fluxes were calculated to evaluate air–sea
dynamics during the LDPT. Given these flux calculations are derived directly from
surface pCO2 values, they exhibit similar dependencies on input parameter
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combinations. During the LDPT, CO2 fluxes ranged from -17.0 to 7.1 mmol m−2 d−1 (n
= 43152, all combinations), depending on pHT and TA datasets used. By convention,
negative fluxes indicate uptake of CO2 by the ocean (i.e., the ocean is a carbon sink),
while positive fluxes indicate CO2 outgassing from the ocean to the atmosphere.
Figure 3.9 shows the distribution of air-sea CO2 fluxes determined using various
pCO2-derived input combinations. Consistent with the pCO2 results, flux estimates
cluster primarily according to the pHT dataset used. When using pH1 (SeaFET), the
mean flux was -3.5 mmol m−2 d−1 (1σ = 3.6 , n = 3596). Using pH2 (k0-LOC), resulted
in a more negative mean flux of -4.3 mmol m−2 d−1 (1σ = 4.3), while pH3 (k0-NN),
produced a less negative mean of -2.4 mmol m−2 d−1 (1σ = 2.9). Across all methods,
the mean air-sea CO2 fluxes were negative, indicating that the region acted as a net
CO2 sink during the deployment period. While we present method-specific ranges,
we do not propagate uncertainty from the input variables (pH, TA, wind speed,
atmospheric CO2 into the final flux estimates. As such, the variability across methods
should be considered a minimum bound of potential uncertainty in calculated air-sea
CO2 flux.
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FIGURE 3.9: Comparison of calculated air-sea CO2 flux (mmol m−2 d−1, y-axis) us-
ing different input pH and total alkalinity (TA) combinations. Box plots show CO2
flux distributions grouped by pH input (1) uncorrected SeaFET sensor pH measure-
ments (yellow), (2) k0-adjusted pH using pHLOC (pHk0–LOC, emboldened green), and
(3) k0-adjusted pH using neural network-derived estimations (pHk0–NN, red). For each
method, four TA values (TA1–TA4; defined in Table 3.2) inputs were paired with cor-
responding pH inputs to assess sensitivity. The central line in each box indicates the
median value of the distribution, boxes represent interquartile ranges, whiskers ex-
tend to data within 1.5 times the interquartile range, and red crosses indicate outliers.
All flux calculations were done using only measurements from when the ALR was at

the surface (water intake 0.4 m below the waterline).

When the different flux estimates—grouped by pH input as defined in Figure 3.9
above—are plotted over time alongside wind speed, variability stemming from
differences in input parameters and environmental factors such as wind can be
observed. While wind does not directly cause divergence between methods, it
modulates the magnitude of the flux response and can highlight where
methodological differences become most impactful. Figure 3.10 illustrates the
noticeable impact of high wind speed period on air-sea CO2 fluxes variability, with
periods of elevated wind speed often coinciding with amplified discrepancies
between flux estimates (Figure 3.10). In some cases, flux calculated using pHSeaFET and
pHk0–LOC show different responses to increased wind than flux calculated using
pHk0–NN. Notably, during the week of June 07– June 14, fluxes derived from pHSeaFET

and pHk0–LOC exhibit different responses to wind variability compared to those based
on pHk0–NN, including a marked divergence in flux direction, underscoring the
sensitivity of flux calculations to both sensor corrections and external forcing.
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FIGURE 3.10: Time series of air–sea CO2 fluxes (mmol m−2 d−1, left y-axis) grouped
by pH input to calculations: pHSeaFET (yellow), LOC k0-corrected (pHk0–LOC, embold-
ened green), and neural network k0 corrected pH (pHk0–NN, red). All CO2 fluxes
shown here used TA1 as the other carbonate input parameter when calculated. All
flux calculations were done using only measurements from when the ALR was at the
surface (water intake 0.4 m below the waterline). Wind speed in ms−1 (gray line, right

y-axis) is overlaid.

Given the high variability and wide range of values in the flux data, the performed
matrix analysis compared the median fluxes (instead of mean) from each input
combination in order to mitigate the influence of extreme values on the overall
interpretation (Figures 3.10 and B.6). When pH is held constant across different TA
inputs, median flux differences within ∼ 0.04 mmol m−2 d−1 are observed.
Conversely, keeping TA constant, while varying pH input induces differences that can
exceed 1.11 mmol m−2 d−1 (Figure B.6). This difference represents ∼ 25% of the
average flux magnitude. While this difference may appear modest in absolute terms,
it could meaningfully alter seasonal or annual budget estimates when extrapolated
over time and space. These results, consistent with the pCO2 analysis, underscore the
implications of selecting and validating input sources in carbonate chemistry, but
particularly with pH in CO2 flux calculations.
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3.4 Discussion

3.4.1 Autonomous Coastal Observations

The LDPT deployment demonstrates not only the robust endurance of the ALR and
onboard sensors to sample seawater properties across coastal and open ocean waters,
but more critically, its ability to autonomously monitor the marine carbonate system
with built-in quality control. This represents a key step toward increasing availability
of comprehensive carbonate measurements of coastal regions, building on and
complementing ongoing monitoring efforts. While remote human oversight is still
needed for mission programming and ALR position monitoring, this approach also
substantially reduces the carbon footprint and operational costs compared to
traditional ship-based surveys (Phillips et al., 2023).

Over the five-week deployment, continuous high-resolution profiles and transects of
temperature, salinity, dissolved oxygen, and pH throughout the water column were
successfully recorded. These measurements revealed distinct seasonal and spatial
patterns across the Celtic continental margin as this deployment occurred during a
season of heightened coastal productivity, when biogeochemical conditions shift
rapidly over short timescales and small spatial scales. For instance, surface-layer DO
declined steadily as temperature increased, suggesting biological consumption likely
linked to the waning spring bloom (Figure 3.3I). Spatial salinity trends highlighted the
transition between coastal and offshore domains, with a shift from the fresher coastal
waters to saltier offshore conditions, though no evident temporal salinity trends were
detected (Figure 3.3D,E,F). Added temporal resolution is especially important when
placed in the context of traditional ship-based surveys. Between March 19 and 30,
2022 (two months prior to the LDPT deployment), the ALR6000 and CTD sampling
surveyed the same transect (Figure 3.1) on the Celtic shelf margin supported by the
Royal Research Ship, RRS Discovery, during expedition DY149.

Within the upper 40 meters of the water column, total alkalinity (TA) values from the
LDPT closely align with those from the DY149, with all TA estimates falling with the
DY149 range of 2325–2345 µmol kg−1 (Hammermeister et al., 2025). This agreement
reinforces the conservative behaviour of TA in this region (Hartman et al., 2014). In
contrast, the pHT and pCO2 values observed during LDPT, although calculated using
various methodologies, span broader distributions that extend beyond the DY149
ranges (8.03–8.08 for pHT and 375–415 µatm for pCO2). Such divergence is expected,
given the high temporal variability of these non-conservative parameters, which are
subject to pronounced seasonal variability. The LDPT deployment took place during
late May—a period typically characterised by increasing primary production,
stratification, and warming—factors that contribute to elevated pH and decreased
pCO2 that we see in Figure 3.8. The LDPT pH and pCO2 observations are consistent
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with prior studies from the Celtic margin (Kitidis et al., 2012; Hartman et al., 2014;
Joint et al., 2001; Seguro et al., 2019), indicating that the LDPT values reflect expected
natural seasonal shifts rather than sensor bias or error when compared to the DY149
values.

Beyond seasonal trajectories, diel signals could also be resolved from our dataset.
Figure 3.11 shows mean DO, pHT (pHk0–LOC), and pCO2 (from pHk0–LOC and TA1; Lee
et al. 2006) in the upper 100 m of the water column binned by hour of the day, for the
entire LDPT deployment. During the day, DO and pHT peak, while pCO2 drops,
indicating biological control though photosynthesis and respiration, supported by
previous reports during the Celtic Sea spring bloom (Seguro et al., 2019). The error
bars in Figure 3.11 represent one standard deviation of each mean, revealing the wide
variability amongst all three parameters. This is an unsurprising reflection of the
variation seen from aggregated data across the entire deployment’s spatial domain
(2,000 km), where we see other seasonal and spatial trends take place over the 35 days
of observation. Impressively, a diel signal still emerges through that variability,
reinforcing the presence of biological and/or physical forcing in the top 100 m of the
Celtic Margin. In other words, this underscores how daily cycles can still drive
short-term carbonate dynamics, even when spatial and temporal-scale variability is
high. This is a signal uniquely captured by this type of autonomous, high-frequency
deployment, as ship-based surveys and models would have likely not resolved it at
this scale.

FIGURE 3.11: Diel cycling of (A) DO (µmol kg−1), (B) pHT, and (C) pCO2 (µatm) in
the upper 100 m of the water column across the five-week LDPT deployment. Each
panel shows mean values binned by hour of the day, with the error bars representing
one standard deviation. pHT is pHk0–LOC, and pCO2 is calculated from pHk0–LOC and

TA1

.

These results provide rare, high-resolution evidence of how seasonal and short-term
productivity transitions modulate carbonate chemistry in shelf seas, resolving
processes at timescales inaccessible to ships. By extending beyond the static
ship-based snapshot of March, the ALR revealed the onset of late-spring carbonate
changes, underscoring the importance of autonomous observations to close seasonal
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gaps in carbon cycle assessments. Short-term AUV observations capture the natural
seasonal trajectory beyond ship-based “snapshots,” which often miss the dynamics
between expeditions. This speaks directly to the importance of autonomous
deployments to constrain seasonal carbon budgets in continental margins for better
understanding of the tightly coupled biological and physical processes that drive
coastal carbonate variability.

3.4.2 Dual pH Sensors for Coastal Monitoring

The presence of two distinct pH sensors (LOC and SeaFET) onboard the ALR proved
highly valuable, not only by providing data redundancy, but also by enabling mutual
validation in the absence of traditional discrete water samples. This deployment
offered a rare opportunity to cross-validate sensor performance during long-haul
seagoing conditions, something particularly important for autonomous platforms
where ship-based validation is not possible, or where global models may
underperform. Despite operating on fundamentally different measurement principles,
the two pH sensors showed stronger agreement with each other than with
model-based pH estimates. Such pre-correction consistency across sensor types is
particularly noteworthy given the highly variable conditions of shallow shelf areas,
and highlights both the growing advancement of autonomous pH sensing
technologies and the crucial need of redundancy when feasible.

Model-derived pH outputs (pHLIR, pHNN) were also assessed as alternatives to
co-sensor calibration, particularly in scenarios where only a single sensor is available.
However, while these models can effectively mitigate sensor drift, they remain
constrained by their underlying assumptions and training data. Moreover, their
performances tend to be better under the stable conditions typically found in the deep
ocean, where platforms like the BGC-Argo array regularly recalibrate against
”known” deep water chemistry. In contrast, the heterogeneous and rapidly changing
biogeochemical gradients of shallow shelf seas, which were mostly sampled during
this mission, pose significant challenges to these models, often limiting their predictive
skill and transferability. Coastal waters lack the quasi-conservative behaviour seen in
deep open ocean waters, and the input-output relationships captured by neural
networks and linear regressions trained on deep datasets may not hold in these
regimes. That two (fundamentally) different pH sensors converged more closely with
each other than with model estimates is not only a case for redundancy, but also gives
clear evidence that carbonate variability in shelf seas exceeds the resolving capacity of
current models. This highlights the central role of in situ sensing in capturing
carbonate dynamics in margin areas. Additionally, the pH estimate routines used in
this work relied heavily on dissolved oxygen as a key input parameter, making their
output inherently sensitive to the accuracy and calibration of the oxygen optode itself.
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pH Comparisons

To quantify and asses the impact of the k0 adjustment procedure, comparisons were
made between sensor-measured pHT, corrected pHT, and model-estimated pHT.
Figure 3.12 represents the distribution of average ∆pHT ± first standard deviation (1σ)
for each comparison. Both before and after correction, the two onboard pH sensors
showed the best agreement and lowest variability relative to ESPER estimates (LIR
and NN). Interestingly, the uncorrected pHSeaFET aligned more closely with both pHLIR

and pHNN (both µ = -0.023) than pHLOC did (both µ = 0.035), but this came with the
highest variation of all comparisons (1σ = 0.020/0.018 versus 1σ = 0.018/0.017 for
pHLIR and pHNN respectively) (Figure 3.12). The two ESPER-derived pHT estimate
datasets were nearly identical to each other, yielding indistinguishable mean results
when compared to the same pH sensor measurement, although pHLIR comparisons
consistently showed a slightly greater variability of 0.002 higher standard deviation
compared to pHNN. Correction routines applied using both pHLOC and pHNN

successfully adjusted the pHSeaFET resulting in corrected values (pHLOC and pHNN)
with rounded mean ∆pHT values of 0. Notably, the distribution of the pHk0–NN

comparison has more variability (1σ = 0.011 ) than the pHk0–LOC comparison (1σ =
0.007). The closer agreement between pHLOC and pHSeaFET compared to either versus
the model-derived values reinforces that unresolved short-term and fine-scale
processes dominate carbonate dynamics in coastal waters. These dynamics are poorly
represented in models, which helps explain why shelf carbonate systems remain one
of the least constrained components of the global carbon budget.

Across all comparisons, ∆pHT indicated that the LOC sensor consistently measured a
higher pHT than the SeaFET and the ESPER estimates, and the SeaFET sensor, in turn,
reported higher pHT values than the ESPER models (Figure 3.12). These observations
reinforce the value of in situ sensors, which captured fine-scale spatiotemporal pH
variations more accurately than model-based estimates. Micro-scale pH patterns were
detected by the onboard sensors but less reflected by model estimates, evident by the
much better agreement between the two sensors than either sensor with the models.
This divergence highlights a key limitation of data-driven models in dynamic
environments and speaks to the importance of direct, high-frequency measurements,
especially in coastal monitoring or, when interpreting related parameters such as
pCO2 and CO2 flux. Together, these comparisons demonstrate that autonomous
dual-sensor observations do more than provide redundancy: they reveal
heterogeneous and dynamic shelf carbonate systems, and demonstrate why models
alone cannot yet deliver reliable constraints on coastal carbon fluxes.
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FIGURE 3.12: Bar chart with error bars of mean difference (± standard deviation)
of pHT (∆pHT) between different measurement methods and/or model estimations.
Grouped by colours based on comparison parameters: between the two onboard sen-
sors before and after k0 correction based on LOC as pHref (green), original pHSeaFET
values compared to both output model estimates (yellow), pHLOC values compared
to both output model estimates (blue) and comparison of pHk0–NN to pHLOC and to
pHNN which was used as pHref to get pHk0–NN (red). Sample size (n) for each compar-

ison is shown. Error bars represent 1 standard deviation.

Efficacy of the k0 Correction Approach

A central aspect of this study was the adaptation and implementation of the k0
correction to adjust the SeaFET pH sensor measurements using either a co-sensor
(LOC pH sensor) or neural network-derived estimates (ESPER-NN). The correction
method effectively addressed both the initial electrode conditioning period typically
experienced by the SeaFET sensors, and brought its measurements into near-perfect
alignment with each respective pHref. However, comparisons also revealed that
k0-corrected SeaFET data based on pHNN exhibited greater variability (1σ = 0.011)
than corrections based on pHLOC (1σ = 0.007). This difference stems from the noise
and uncertainty associated with model-generated pH estimates, particularly in a
shallow coastal setting. The k0 correction was originally designed for deep-ocean
profiling floats equipped with ISFET pH sensors, and using model estimates for pHref,
thus benefiting from stable environmental conditions and better model performances
at depth. Our work, however, shows this correction approach can be successfully
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applied to monitoring marine carbon in the coastal ocean when adapted to a co-sensor
who’s performance is more reliable than model output in such a setting.

Although pHLOC had far fewer data points than pHSeaFET, this did not inhibit the
correction’s performance. The k0 approach leveraged the complementary strengths of
both onboard sensors by using the more power-intensive, high-precision
measurements from the LOC sensor intermittently as “stabilizers” to the more
frequent, lower-power measurements from the SeaFET. Beyond improving individual
measurements, the k0 correction enabled nearly 50000 reliable pH observations
throughout the full deployment, providing one of the most detailed continuous
coastal carbonate records collected to date in this region. The resulting dataset
captures fine-scale spatiotemporal variability in pH, offering unprecedented
opportunities to resolve the processes driving carbonate dynamics on short timescales
but also potentially on biologically mediated processes, given the direct links between
pH, marine carbon chemistry, and ecosystem function. This reinforces the advantage
of co-deploying sensors for deriving corrections, while also demonstrating that neural
network estimates can substitute for a second sensor when needed, albeit with slightly
reduced precision. Taken together, this combination of dual sensors and k0
adjustment of one sensor to the companion sensor output represents a step-change in
observational capacity for coastal carbonate system research, particularly in dynamic
shelf-sea environments where traditional ship-based monitoring cannot resolve rapid
biogeochemical changes.

3.4.3 Air-Sea CO2 Fluxes

Air-sea CO2 flux estimates from the LDPT autonomous deployment indicate that
during late spring the Celtic Sea acted predominately as a net sink of atmospheric CO2

into the ocean (Figure 3.10). These findings are consistent with previous studies also
reporting the Celtic Sea as a net sink for atmospheric CO2 (Marrec et al., 2015), which
is common for this type of marginal sea (Laruelle et al., 2014; Mathis et al., 2024).
Notably, the spike in pCO2 just before May 24 in Figure 3.8D–F, coincident with the
ALR’s transition off the continental shelf (Figure 3.1), corresponds to a period of near
air-sea equilibrium (CO2 flux approaching zero) shown in Figure 3.10. This strongly
corroborates the findings of Humphreys et al. (2019) who found the Celtic Margin to
exhibit greater net air-sea CO2 flux than the open ocean, aligning with the increasing
strength of biogeochemical stratification that we also clearly observe in Figures 3.3 and
3.8 as our observations move away from the open ocean. Direct observational data of
the carbonate system in the Celtic Sea remains scarce, with most prior flux estimates
derived from models or algorithms (Hammermeister et al., 2025; Humphreys et al.,
2019; Marrec et al., 2015; Wakelin et al., 2012). High-resolution datasets like the one
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presented here help fill this capability gap and anchor modelled flux magnitudes to
direct in situ evidence, which is shown to be crucial for coastal carbon budget models.

Air-sea flux calculations are inherently sensitive to the accuracy of input carbonate
chemistry parameters, particularly surface pCO2, which depends strongly on the
quality of pH data used to derive it when not measured directly. Despite robust
correction strategies and convergence of pH datasets, calculated CO2 fluxes still
showed variability. Importantly, this variability sometimes even resulted in
fundamental disagreements in flux direction, altering interpretation of the ocean as a
CO2 source or sink. As shown in Figure 3.9, flux values segregate more by pH dataset
than by TA, underscoring the critical role of pH observations for flux interpretation.
Further complicating matters is the influence of wind speed in modulating air–sea
exchange. A critical aspect of this sensitivity lies in the non-linear nature of carbonate
system thermodynamics. CO2 flux is computed from the gradient between surface
water pCO2 and atmospheric pCO2, scaled by wind speed–dependent transfer
velocity. Because this transfer velocity is multiplicative, even modest differences in
calculated pCO2 (± 0.01–0.02 pH units) can result in disproportionately large changes
in calculated flux, especially under high wind conditions. Shown in Figure 3.10, the
clearest example of the amplifying role of the wind occurs between June 7–14, when
wind speeds reach up to ∼ 12 m s−1. During this period, the flux estimates diverge
substantially: fluxes based on pHk0–LOC suggest the ocean remains a sink, absorbing
nearly 15 mmol m−2 d−1 whereas those based on pHk0–NN suggest the ocean a source
of nearly 8 mmol m−2 d−1. Such a reversal in flux direction has major implications,
such as altering the interpretation of ocean–atmosphere carbon exchange during this
period, when the ocean switches from a net sink to a net source under high wind
conditions. This finding is fundamentally important for interpreting both regional and
global flux estimates, as it suggests that some existing flux products may
systematically misclassify the carbon budget, particularly in coastal and shelf
environments.

An additional factor influencing CO2 flux determination is the actual depth at which
”surface” carbonate parameters are measured. While this deployment sampled at just
0.4 m below the surface, many instrumented platforms contributing to SOCAT, such
as SOOP, measure pCO2 from depths of ∼ 4–5 m. However, near-surface vertical
gradients in pCO2 and pHT can develop rapidly due to stratification, diurnal heating,
and biological activity, particularly in coastal or shallow systems such as the site in
this study. As highlighted by Morgan et al. (2025) and Ho and Schanze (2020),
significant differences in pCO2 have been observed between the surface and 5 m
below the surface. These depth-dependent discrepancies can introduce systematic
offsets in calculated air–sea CO2 fluxes, with downstream implications for global flux
products and model estimates. The near-surface sampling (0.4 m) in this study
therefore may help explain some of the variability when comparing to model-derived
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estimates while highlighting the importance of vertical gradients in pH and pCO2.
Even a few meters difference in sampling depth can substantially alter flux estimates,
challenging assumptions used in current global climatologies.

Therefore, in autonomous deployments, where real-time corrections and discrete
validation samples may be absent, the selection and validation of pH input becomes
paramount. Conservative interpretation of flux results, particularly during high wind
intervals, should account for these interactions. As Figure 3.10 shows, agreement
among methods is best preserved during lower wind periods, suggesting that
high-frequency wind monitoring is an essential co-variable in assessing confidence
levels of derived flux products. As highlighted by Gandoin and Garza (2024) and
Nickford et al. (2024), discrepancies between in situ wind observations and reanalysis
products like ERA5 (used in this work) can introduce substantial uncertainty in air-sea
CO2 flux estimates, particularly in coastal and upwelling regions. Their study found
that ERA5 tends to underestimate the highest wind speed events (> 10 m s−1), leading
to systematic underestimations of CO2 flux magnitude. These biases likely contribute
to the amplified flux differences observed in our data under high-wind conditions. If
ERA5 is already underestimating high wind, the true extent of these discrepancies in
flux calculations could be even more pronounced and thus warrant thoughtful
consideration, leading to mischaracterisations of air-sea carbon exchange dynamics.

The broader implication is that pH uncertainty cannot be considered in isolation when
interpreting CO2 flux. Instead it acts as a non-linear driver whose influence is
modulated and amplified by environmental factors such as wind speed or fine-scale
surface gradients which can transform small sensor or model disagreements into large
differences in flux magnitude, and even direction. This dynamic interplay complicates
efforts to identify sink/source transitions and may lead to contradictory assessments
of the ocean’s role in short-term carbon exchange, particularly in regions with variable
weather and shallow bathymetry where mixed-layer dynamics respond quickly to
physical forcing. Taken together, these findings underscore why high-resolution
autonomous carbonate observations are essential for robust quantification of air–sea
CO2 fluxes and downstream products like pCO2, especially in dynamic coastal seas
that remain a major source of uncertainty in the global carbon cycle. By capturing
fine-scale temporal and vertical variability, autonomous platforms provide critical
insight into processes that ship-based surveys and coarse models cannot resolve.

3.5 Conclusion

This mission is a first of its kind deployment. The LDPT is the first fully autonomous
deployment of the ALR equipped with scientific biogeochemical sensors— including
dual pH instrumentation— to perform continuous, long-duration, and long-distance
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carbonate system monitoring. The deployment achieved the longest autonomous pH
acquisition to date by the ALR and generated nearly 50000 reliable pH observations,
providing one of the most detailed coastal carbonate datasets collected in this region.
Crucially, the deployment demonstrated the success of dual sensor operation, which
not only improved data quality but enabled high-frequency capture of fine-scale
spatiotemporal variability. These data reveal how tightly coupled biological and
physical processes drive carbonate chemistry in shelf seas, capturing seasonal
transitions and vertical gradients that are typically missed by ship-based surveys.
Small differences in pH were shown to significantly affect calculated CO2 fluxes,
including reversals in flux direction under high wind conditions, emphasizing that
coarse models may misclassify source or sink status in dynamic coastal systems.

All together, this confirms the value of our approach as a powerful tool for
determining air-sea gas fluxes, with clear potential applications beyond CO2. Overall,
this mission highlights the central role of autonomous, high-resolution observations in
constraining short-term carbon dynamics, air–sea gas fluxes, and broader coastal
carbon cycle processes. This study paves the way for future high-resolution
biogeochemical monitoring as well as for long-endurance deployments to fill critical
observational gaps, improving our understanding of ocean acidification, carbon
cycling, and air-sea exchange, and providing essential data to support climate
modelling that contribute to scientific policy making and mitigation efforts.
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Chapter 4

Metabolic Dynamics of an Offshore
Coral Reef in the Red Sea:
Observations from Autonomous
Sensors

This chapter forms a paper that that is currently undergoing journal submission for
publication as an original research article with the following authors:

Emily M. Hammermeister, Sarah E. Cryer, Vincent Saderne, Chiara Pisapia, Stathys
Papadimitriou, Sara E. Fowell, Jake Ludgate, Allison Schaap Socratis Loucaides and
Maggie D. Johnson. Metabolic Dynamics of an Offshore Coral Reef in the Red Sea:
Observations from Autonomous Sensors.
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Keypoints

• Quantified biogeochemical and carbonate system dynamics using autonomous
sensors in an understudied region.

• Autonomous pH-DO observations concluded the reef was net autotrophic, and
combined with autonomous TA sensor the reef has net community production
of 87%.

• Turf algae likely drove the metabolic signal in the lagoon while hard coral drove
the signal in the fore reef.

Abstract

Coral reefs are under increasing threat from local and global stressors which alters the
composition and health of reefs. Traditional methods of monitoring reefs through
visual analysis are time-intensive and provide only a snapshot of reef condition.
Recent efforts now aim to monitor reefs by measuring and determining their
metabolism, or the balance of net community production (NCP) and net community
calcification (NCC). While physical benthos is a key (albeit at times misleading)
indicator of reef health, reefs are considered ”healthy” when they are actively growing
and accreting calcium carbonate (CaCO3), a metric requiring comprehensive
biogeochemical measurements over time. Using autonomous sensors can transform
reef monitoring from occasional snapshots into a high-frequency observing system.
While pH and partial pressure of CO2 (pCO2) sensors are widely available for
autonomous in situ observation, their strong covariance make them sub-optimal for
NCP and NCC calculations. This work reports the first multi-month deployment of a
high-resolution, autonomous total alkalinity (TA) sensor on a coral reef, alongside pH,
pCO2, and dissolved oxygen (DO) sensors. Simultaneous observations were
conducted at lagoon and fore reef sites within Cement Wreck Reef, a central Red Sea
offshore reef, and their contrasting benthic compositions were linked to
biogeochemical dynamics. Both sites experienced strong diel cycling, with pHT and
DO ranging 7.80–8.30 and 24–432 µmol kg−1 respectively. The lagoon pH–DO
relationship closely matched a Redfield-based photosynthesis:respiration model
(R2 = 0.943), while the fore-reef relationship was weaker (R2 = 0.145). The inclusion
of sub-hourly TA observations in the lagoon allowed over determination of carbonate
chemistry, with TA–DIC stoichiometry yielding a slope of 0.26, indicating NCP
dominance of 87% over NCC. This study contributes a baseline understanding of Red
Sea reef metabolism, a location lacking carbonate observations, and suggest that
despite environmental extremes unique to the Red Sea, these reefs metabolically
behave in ways consistent with coral reef ecosystems around the world.
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Plain Language Summary

Globally, coral reefs are threatened due to rising temperatures, changes in seawater
chemistry, pollution and overfishing. Traditionally the health of a reef was monitored
by reef composition through visual analysis. Recent work has shown that reef health
can be more accurately monitored by changes in surrounding seawater chemistry.
Deploying autonomous sensors allows the collection of high-resolution data on the
seawater chemistry, illustrating daily cycles and changes over time. In this study we
deploy, for the first time on a reef, a total alkalinity sensor, which alongside
commercially available pH and oxygen sensors allows us to determine whether a reef
is actively growing (through calcification) and the dominant processes occurring on
the reef. Deploying sensors provides far higher resolution dataset than could be
collected through discrete water sampling, saving both time and money while
providing more data points. This study contributes a baseline understanding of Red
Sea reef metabolism, a location lacking in high-resolution observations, and suggest
that despite environmental extremes unique to the Red Sea, these reefs metabolically
behave in ways consistent with coral reef ecosystems around the world.
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4.1 Introduction

Coral reef ecosystems are among the most biodiverse and valuable ecosystems in the
world, supporting human livelihood through fisheries and tourism, while also
providing coastal protection (Moberg and Folke, 1999; Bruckner, 2002). Reefs are
biogeochemical hotspots where metabolic processes such as photosynthesis
respiration and calcification recycle carbon and nutrients across a range of timescales
(Wagner et al., 2020; Reaka-Kudla, 1997). (Smith, 1973; Gattuso et al., 1998; Cyronak
et al., 2018). Organic carbon is fixed via photosynthesis by symbiotic algae
(zooxanthellae) and other primary producers, while inorganic carbon is precipitated
through biogenic calcium carbonate (CaCO3) production (calcification) as aragonite
forming the skeletons of corals and as calcite by calcifying algae which together
construct and maintain the structural foundation of reefs (Pilcher, 2001; Erez et al.,
2011). During the day, coral reefs sequester CO2 and produce oxygen (O2) through
photosynthesis, while simultaneously releasing CO2 through calcification and
respiration. Calcification rates decrease at night (Moya et al., 2006) making respiration
the dominant metabolic process and increasing seawater CO2 at night. The cyclic
succession of photosynthesis and respiration drives pronounced diel signals in oxygen
and CO2 (and consequently pH) (Suzuki et al., 1995; Cryer et al., 2023), with
magnitudes determined by the relative balance of net community production (gross
primary production minus respiration; NCP) and net community calcification (gross
calcification minus dissolution; NCC). This balance of NCP and NCC is indicative of
whether a reef is a net source or sink of CO2 to the atmosphere at any given time and
is often considered as a vital signal of reef health (Kayanne, 2025).

Reef health is defined by both benthic characterisation and biogeochemical function.
For a coral reef to maintain its structure and support the diverse ecosystem it depends
on, calcification rates must exceed those of dissolution, erosion (Andersson and
Gledhill, 2013; Erez et al., 2011; Kleypas et al., 1999) and sea level rise (Perry et al.,
2018) combined. Reefs with high coverage of hard coral and crustose coralline algae
(CCA) are often NCC-driven, while algal-dominated reefs are NCP-driven (Smith
et al., 2016). Additionally, reduced NCC often reflects a stressed or degraded reef that
may be undergoing a phase shift to macroalgal dominance (Hughes et al., 2007). Still,
a healthy reef is not only one with high coral cover at a given point in time, but one
with active net reef growth and accretion over time (Andersson and Gledhill, 2013). So
while its logical that reefs with a greater abundance of reef-builders (hard corals,
CCA) will be healthier, reef condition is best understood as a trajectory.

Reductions in calcification are increasingly linked to anthropogenic-induced
environmental stressors including ocean acidification (OA) and rising sea surface
temperatures (SST) (Hoegh-Guldberg et al., 2007; Erez et al., 2011). Rising SST often
results in coral bleaching, the process in which corals expel their zooxanthellae
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symbiomes, which reduces their ability to calcify (Hughes et al., 2017; Heron et al.,
2016). As ocean pH decreases, through the continuous absorption of anthropogenic
CO2 (Doney et al., 2009), saturation states of calcite and aragonite decline, making
calcification energetically expensive for corals and dissolution more likely, especially
at night (Eyre et al., 2018; Hoegh-Guldberg et al., 2007; Erez et al., 2011). Additionally,
during stress events (e.g., heat waves), corals tend to maximise their chances of
survival by temporarily reducing calcification (Schoepf et al., 2015; D’Olivo and
McCulloch, 2017), showing that even without a net loss of benthic calcifiers, these
events impact metabolic processes. Globally, coral reef ecosystems are now exhibiting
declining NCC and increasing NCP (Davis et al., 2021). Specifically, net contribution
of hermatypic coral to the CaCO3 budget of the Red Sea has declined by ∼100%
between 1998 and 2015, and calcification rates in the Red Sea altogether have declined
by 26% (Steiner et al., 2018).

In a reef system, metabolic processes drive changes in the seawater’s carbonate
chemistry. NCP mainly effects dissolved inorganic carbon (DIC) concentration
through photosynthesis and respiration while NCC changes both DIC and total
alkalinity (TA) in a 2:1 ratio (Gattuso et al., 1998; Cyronak et al., 2018). Constraining
the seawater’s carbonate system within a coral reef environment at a high temporal
resolution can therefore shed light into the dominant metabolic processes and their
rates. Characterizing the seawater carbonate system requires knowledge of two of the
four measurable carbonate system variables (DIC, TA, pH, and the partial pressure of
carbon dioxide (pCO2)) along with temperature, salinity, and pressure (Park, 1969;
Millero, 1995, 2007). Currently, only pH and pCO2 sensors are widely available for
autonomous in situ observation (Martz et al., 2015), but the environmental covariance
of pH and pCO2 makes them the least desirable combination, and propagating large
uncertainties in derived TA and DIC are sub-optimal for NCP and NCC calculations
(Orr et al., 2018; Raimondi et al., 2019; Sutton and Sabine, 2023). In the open ocean, TA
can often be estimated from its conservative relationship with salinity (Millero et al.,
1998; Lee et al., 2006; Cai et al., 2010; Takahashi et al., 2014), but such approaches are
unreliable in coastal reef environments where mixing, riverine input, and strong
metabolic activity decouple TA from salinity. Therefore, direct in situ observations of
TA or DIC alongside pH or pCO2 are essential for characterizing reef metabolism.

The ability to monitor the biogeochemical processes occurring on coral reefs provides
crucial insights into ecosystem function by capturing the natural variability, as well as
establishing baselines for detecting long-term changes or climactic effects. Visual
indicators, such as the reef benthic composition, often show threshold responses to
environmental stressors, whereas shifts in seawater biogeochemistry provide a more
reliable early detection of reef health (Hughes et al., 2010). This is particularly
important because global calcification rates are decreasing at a faster rate than
concurrent decline in calcifier cover (Davis et al., 2021). Yet, high-resolution
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observations from coral reefs remain scarce. In addition, complex reef geomorphology
and shallow bathymetry (Blanchon, 2011) hinder high-resolution data via traditional
discrete sampling, but advances in autonomous sensors offer improved capability,
including providing sustained, fine-scale measurements (Takeshita et al., 2018;
Hammermeister et al., 2025; Yin et al., 2021; Schaap et al., 2025; Cryer et al., 2020).
While sensor technologies have continued to come online over the past several years
and expanded high-frequency reef pH data (e.g., Cyronak et al. 2020; McMahon et al.
2018; Saderne et al. 2019; Cryer et al. 2023) autonomous carbonate measurements and
parameter-relationship records from coral reef observations are still limited,
particularly in the Red Sea, whose carbonate system remains understudied.

In this work, we investigate reef metabolism and carbonate dynamics at an offshore
Red Sea reef using novel autonomous sensors. By collecting a continuous
high-resolution multi-month dateset, we capture seasonal trends, resolve diel
variability, and examine biogeochemical relationships between two different sites and
their benthic compositions within the reef system. We are able to fully constrain the
carbonate system of the reef’s lagoon and quantify it’s metabolic balance. Here we
report the first-ever deployment of an autonomous stand-alone TA sensor on a coral
reef, providing a unique benchmark for evaluating reef carbon cycling under extreme
thermal and saline conditions, and offering new insights into coral reef responses to
ongoing ocean and climate change.

4.2 Materials and Methods

4.2.1 Study Site

Sensor mooring observations were conducted at Cement Wreck Reef, located
approximately 20 km off the coast of Saudi Arabia in the Central Red Sea (Figure 4.1).
The Red Sea extends 2270 km from 30°N to 12°N dividing Africa and Asia, and offers
a natural test site for reef carbonate cycling under extreme conditions. It is
characterised by its high seawater temperature and salinity, and is home to some of
the world’s most productive, endemic, and diverse coral ecosystems, with reef
frameworks spanning its coastline (DiBattista et al., 2016; Fine et al., 2019). In the
central Red Sea, year-around temperatures for an offshore reef range from 25–32°C,
but can exceed 37°C in certain reef zones such the reef flat or lagoon (Roik et al., 2016;
Davis et al., 2011; Rich et al., 2022).

Cement Wreck (22°23’ N, 38°51’ E) is an offshore coral reef that is part of the Shib
Nazar reef system, which spans approximately 10 km in the North–South direction
(Rich et al., 2022; Roik et al., 2018). Cement Wreck was chosen as the study site for this
work because of it’s protected, shallow (∼ 1.5 m) lagoon, and its exposure to offshore
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seawater exchange. The reef flats, or lagoons, within the Shib Nazar system are
dominated by hermatypic (reef-building) Stylophora pistillata and are the sole
branching coral species in the Cement Wreck lagoon (Rich et al., 2022).

FIGURE 4.1: Location of Cement Wreck Reef (left) in the Central Red Sea (right), part
of the Shib Nazar reef system (circled in white, right).

4.2.2 Autonomous Sensor Mooring

Two fixed-point sensor moorings were deployed on Cement Wreck reef. The primary
mooring was deployed in the lagoon from October 19–December 12, 2023, and the
secondary mooring was deployed on the fore reef slope of Cement Wreck from
October 26–November 30, 2023 (Figure 4.2).

The primary sensor mooring was a custom-built steel frame fixed-point observing
platform originally developed by the National Oceanography Centre (NOC) for the
Commonwealth Marine Economies Program https://cmeprogramme.org/). Without
instrumentation, the frame weighs 20 kg, is 0.75 m in height, and has a base footprint
spanning 0.5 m in width. The frame was fitted with several oceanographic sensors
including a Lab-On-Chip (LOC) pH sensor (NOC), a LOC TA sensor (NOC),
SAMI-CO2 sensor (http://www.sunburstsensors.com), a SBE 37 SMP-ODO
MicroCAT Conductivity-Temperature-Depth / Dissolved Oxygen sensor (CTD-DO;
SeaBird Scientific), and an ECO Triplet-w chlorophyll sensor (SeaBird Scientific) and
deployed at a depth of ∼ 1.5 m (Figure 4.2).

https://cmeprogramme.org/
http://www.sunburstsensors.com
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The LOC pH sensor measures pH on the total proton scale (pHT) with a precision of
0.001 pH units using photometric determination with the purified indicator dye
meta-Cresol Purple (mCP). Relative to validation seawater samples, the LOC pH
sensor has 0.003 ± 0.022 accuracy and a combined standard measurement uncertainty
of ± 0.010 pH units (Yin et al., 2021). The LOC TA sensor methodology is based on
single-point acid titration to a photometrically determined endpoint pH = 3.0–3.5. The
titration is done using hydrochloric acid (HCl) titrant containing unpurified
Bromophenol Blue (BPB) indicator dye. The titrant consisted of 0.03 M HCl and
0.00015 M BPB in 0.6 M NaCl, formulated to a salinity of 41.52 psu, aligning with the
high-salinity conditions of the Red Sea. The TA sensor has a precision and accuracy
better than 5 µmol kg-1 in ideal conditions (Schaap et al., 2025). Here, we present the
first deployment of the TA sensor in an environment with such high salinity and
temperatures (> 38 psu, > 30°C). The LOC pH and TA sampled every hour, except for
November 30–December 04, 2023, when the TA sensor made measurements every 30
minutes (Table 4.1).

FIGURE 4.2: Sensor mooring frames deployed at Cement Wreck Reef. The primary
sensor mooring (zoomed inset image right, outlined in blue) is situated in the lagoon
at ∼ 1.5 m depth, and secondary sensor mooring (zoomed inset image left, outlined in
red) on the fore reef slope at ∼ 15 m depth, both with labeled oceanographic sensors

integrated.

The CTD-DO on the primary sensor mooring measured in situ temperature (T),
salinity (S), and dissolved oxygen (DO) every two minutes (Table 4.1), and was
independently powered by 12 lithium AA batteries. Corresponding in situ T and S
data from the CTD-DO were made available to the LOC pH and TA sensors when they
made a measurement via a 1 Hz stream facilitated by the Sensor Hub. The Sensor Hub
was developed by NOC specifically to simplify the integration of multiple sensors on
autonomous platforms, and is fully programmable, allowing it to poll for samples
from the CTD-DO. Power was provided to the LOC pH sensor, LOC TA sensor, and
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Sensor Hub by a custom-made rechargeable nickel-metal hydride (Ni-MH) battery
pack enclosed within polyvinyl chloride (PVC) housing rated to 100 m depth.

The SAMI-CO2 is a commercially available sensor that measures the partial pressure
of CO2 (pCO2) using the colorimetric reagent method (DeGrandpre et al., 1995), and
made measurements every 30 minutes. The SAMI-CO2 was powered from a
self-contained 8 alkaline D-cell battery pack and has an accuracy and precision of ± 2
µatm and <1 µatm respectively (DeGrandpre et al., 1995; Lai et al., 2018). The ECO
Triplet-w recorded measurements every two minutes as the average from a burst of
five 1 Hz optical fluorescence signals. Chlorophyll concentration was then derived
using the calibrated coefficients and scale factor specific to the instrument provided by
the manufacturer (Scientific, 2023).

The secondary sensor mooring comprised of a SAMI-pH Sensor and a CTD-DO
situated at ∼ 15 m water depth (Figure 4.2). The SAMI-pH sensor is a commercially
available sensor that measures pHT based on the spectrophotometric method in which
a diprotic sulfonephthalein pH indicator is used (Lai et al., 2018). The SAMI-pH
sensor has a reported accuracy and precision of ± 0.003 and <0.001 pH units
respectively (Sunburst Sensors, LLC, Shangguan et al. 2022; Seidel et al. 2008) and for
this work, made measurements every hour on the fore reef. The Idronaut CTD-DO
sensor in the forereef took measurements of T, S, DO (polarographic), and pressure (P)
every five minutes. An overview of each sensor’s reef location, deployment duration,
and frequency can be found in Table 4.1.
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TABLE 4.1: Overview of sensor deployments at Cement Wreck Reef lagoon and fore
reef slope. Listed are sensor type, manufacturer, deployment start and end dates, du-

ration, and measurement frequency.

Location Sensor Start Date End Date Duration (days) Frequency f

Lagoon

Lab-On-Chip pH

(National Oceanography Center)
19/10/2023 12/12/2023 54 1 hr

Lab-On-Chip TA

(National Oceanography Center)
02/11/2023 04/12/2023 32 1 hr / 30 min

cTD-DO

(SeaBird Scientific)
19/10/2023 12/12/2023 54 2 min / 5 min

chlorophyll

(SeaBird Scientific)
26/10/2023 02/11/2023 39 2 min

Sami-CO2

(Suburst Sensors LLC)
02/11/2023 09/11/2023 27 30 min

Fore Reef

cTD-DO

(Idronaut)
26/10/2023 30/11/2023 35 5 min

Sami-pH

(Sunburst Sensors LLC)
26/10/2023 30/11/2023 35 1 hr

4.2.3 Data Processing

In the lagoon, corresponding in situ T and S measurements from the CTD-DO polled
by the sensor hub were used by the LOC pH and TA sensors to determine pHT and TA
as described by Yin et al. (2021) and Schaap et al. (2025) respectively. For marine
carbonate system measurements, it is standard practice to use “CO2-in-seawater
Reference Materials” (RMs). RMs have certified values for TA and DIC and are stable
for long periods of time and unaffected by temperature. The TA sensor seawater
measurements were determined relative to periodic calibration measurements
(Schaap et al., 2025) from two different onboard certified RMs (Dickson Lab).

Oxygen saturation, [O2]%, was calculated as a ratio (percent) of measured dissolved
oxygen concentration (DOsensor) of the seawater to the dissolved oxygen
concentration of water at equilibrium with atmosphere based on potential
temperature and salinity (DOeq) using Equation 4.1 and following the international
thermodynamic equations of seawater (TEOS-10) by IOC et al. (2010) and McDougall
and Barker (2011).

[O2]% =
DOsensor

DOeq
× 100 (4.1)
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The operation and data processing for the remaining sensors (SBE CTD-DO, ECO
Triplet-w, SAMI-CO2, Idronaut CTD-DO, and SAMI-pH) were in accordance with the
standard operating procedures and software provided by the manufacturers. Outliers
were detected and removed from all data using the Hampel Filter with a 1-hour
rolling window (Hampel 1974; The Mathworks Inc., 2024). The Hampel Filter was
chosen based on the time series nature of the dataset and the high diel cycles seen
throughout (Roos-Hoefgeest Toribio et al., 2025; Liu et al., 2004)

4.2.3.1 Carbonate System Calculations

The speciation of the marine carbonate system in the Cement Wreck lagoon was
constrained using the MATLAB (version v3.1.1) CO2SYS package (Sharp and Byrne
2021; Orr et al. 2018; Lewis and Wallace 1998; The Mathworks Inc., 2024) with sensor
obtained in situ TA, pHT, S, T, and set P = 1.5 dbar as input parameters. Nutrient
(phosphate and silicate) concentrations were not measured during this deployment
and were therefore set to 0 for computation. In accordance with the recommendations
from Dickson et al. (2007), CO2SYS computations used the the dissociation constants
of carbonic acid (K1 and K2) from Lueker et al. (2000), KSO4 from Dickson (1990), KF
from Perez and Fraga (1987), and total boron concentration from Lee et al. (2010) to
derive DIC, aragonite saturation state (Ωarag), and partial pressure of CO2 (pCO2) in
the lagoon of Cement Wreck.

4.2.3.2 Sensor Validation Efforts

During the final week of the deployment, two vacant inlets of the TA sensor were
plumbed to RMs (one high alkalinity and one low alkalinity). The sensor measuring
the RMs as routine samples, and both inlet measurements had good agreement with
the RMs. This check confirmed that the observed diel TA behaviour in the lagoon and
the TA–DIC slopes are not artifacts. Both the LOC pH sensor (deployed in the lagoon)
and the SAMI-pH sensor (deployed in the fore reef) were simultaneously verified
against the same certified TRIS buffer post-deployment. Each instrument reported pH
values that matched the known TRIS value within stated uncertainty and no
systematic bias relative to one another. The remaining sensors (e.g., CTD, DO) are
community-accepted as routine mooring instrumentation without regular co-samples
validation. Each of these sensors were factory-calibrated (or calibrated to
manufacturer specifications) prior to deployment.
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4.2.4 Metabolic Analysis

For periods with overlapping measurements, time series of pHT and DO from the
lagoon and fore reef were each synchronised and analysed using linear least squares
regression (The Mathworks Inc., 2024). Following the method outlined by Cryer et al.
(2023) and Frieder et al. (2012), the co-variation between pHT and DO was further
compared against a theoretical Photosynthesis: Respiration (P:R) model. The P:R
model uses the Redfield Ratio (Equation 4.2; Anderson 1995) and the change in TA
based on proton production / removal during respiration / photosynthesis (Equation
4.3; Frieder et al. 2012; Stumm and Morgan 1996) to predict the pH for a given DO
under the assumption that photosynthesis and respiration are the only processes
occurring.

∆CO2 =
∆O2

−150/106
(4.2)

∆TA =
∆CO2

−18/106
(4.3)

The P:R model assumes that if there is calcification or carbonate dissolution present,
then it would be observed through pH change without mirrored oxygen change, and
that there is limited carbon contribution from air-sea fluxes. Lagoon median TA and
DIC values (alongside in situ T,S,P, and density) were input to the P:R model for pH /
DO predictions in the lagoon. The fore reef site, which did not have TA
measurements, used lagoon median TA and DIC derived from fore reef pH and
lagoon TA as inputs for the P:R model’s pH / DO predictions. For comparison to
observed pH and DO relationships at each site, a subset of the P:R model, based on
site-specific variable range, was fitted to a curve using linear least squares regression.

Derived DIC and observed TA measurements in the lagoon over the course of the
deployment were analysed using linear least squares regression. The relative%
influence of NCP on changes in DIC was calculated according to Equation 4.4
(Cyronak et al., 2018);

%NCP = (1 − mTA−DIC

2
× 100) (4.4)

where mTA-DIC is the slope of the TA-DIC regressions. For all calculations, TA and
DIC data were not normalised to salinity because our site was an offshore reef with
minimal salinity variability in a region without major river (freshwater) input or
heavy precipitation. In addition, the absence of a well-defined region-specific oceanic
or freshwater end-member and linear TA-S relationship could introduce data artifacts
or unnecessary error into our results (Courtney et al., 2022; Jiang et al., 2014).
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4.2.5 Benthos Characterisation

In the lagoon, benthic cover was quantified from an averaged quadrat image analysis
(0.5 × 0.5 m, n = 5) collected within 5 m of the sensor frame using a GoPro HERO12
Black (https://gopro.com/). Each image was analysed using CoralNet
(https://coralnet.ucsd.edu/), where 25 stratified random points per image were
manually classified according to sub-functional groups: Hard coral, soft coral,
sponge,other invertebrates, calcifying algae, CCA, macroalgae, dead coral, rubble,
rock, and sand. Benthos characterisation on the fore reef used still image frames taken
from video survey within 5 m of the sensor site (using a GoPRO HERO12 Black). The
images were taken from where the camera’s frame represented an estimated 0.5 m ×
0.5 m quadrat, and analysed using CoralNet with the same routine as used for the
lagoon analysis (n = 5).

4.3 Results

The two sensor moorings captured high-resolution biogeochemical and carbonate
observations across the lagoon and fore reef zones of Cement Wreck Reef (Figures 1 &
2). These data reveal distinct environmental processes, diel variability, and spatial
contrasts linked to benthic compositions. A complete summary of the physical,
biogeochemical, and carbonate properties recorded at both sites is provided in Table
4.2.

https://gopro.com/
https://coralnet.ucsd.edu/
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TABLE 4.2: Summary of physical, biogeochemical, and carbonate chemistry observa-
tions at Cement Wreck Reef from the lagoon and fore reef sensor moorings. For each
parameter, minimum–maximum (range), mean ± standard deviation (SD), and num-

ber of observations (n) are reported.

Location Variable Min–Max (Range) Mean ± SD n

Lagoon

Temperature (°C) 28.71–33.37 (4.66) 30.60 ± 0.73 38559

Salinity (psu) 38.67–39.76 (1.09) 39.37 ± 0.10 38495

DO (µmol/kg) 55–288 (408.51) 173.13 ± 53.46 38556

[O2]% 13–243 (230) 94 ± 30 38572

Chlorophyll (µg/L) 0.01–0.44 (0.43) 0.13 ± 0.06 16897

pH 7.80–8.30 (0.50) 7.98 ±0.07 1183

TA (µmol/kg) 2406–2565 (159) 2522.60 ± 26 871

pCO2 (µatm) 214–1743 (1529) 537 ± 148 1479

Derived pCO2 (µatm) 228–825 (598) 516 ± 103 755

Derived DIC (µmol/kg) 1871–2297 (426) 2156 ± 66 755

Derived Ωarag 2.90–6.15 (3.24) 4.07 ± 0.53 755

Fore Reef

Temperature (°C) 29.89–31.58 (1.68) 30.91 ± 0.31 8007

Salinity (psu) 39.1–39.52 (0.40) 39.38 ± 0.04 7933

DO (µmol/kg) 81–370 (290) 172 ± 25 7844

[O2]% 44–203 (159) 94 ± 14 8025

pH 7.91–8.11 (0.20) 8.05 ± 0.02 899

4.3.1 Physical Setting and Biogeochemical Conditions

In the lagoon, temperatures ranged from 28.71 to 33.37°C (mean 30.60 ± 0.73°C), with
clear short-term, diurnal variability and a broader seasonal decrease in temperature
over the deployment (Figure 4.3a). Salinity varied between 38.90 and 39.64 psu (mean
39.37 ± 0.10 psu) with short-term decreases likely coinciding with heavy rainfall
events (Figure 4.3b). Fore reef temperatures experienced a smaller diel cycle than the
lagoon, ranging 29.80–31.58°C (mean 30.91 ± 0.31°C; n = 8,007; Figure 4.3a) and
exhibited a narrower salinity range of 39.10–39.52 psu (mean 39.38 ± 0.04; Figure
4.3b). Salinity was the only parameter observed that did not have any diel signal.
Dissolved oxygen (DO) concentrations differed in both range and variability between
the Cement Wreck mooring sites. Lagoon DO spanned 24–432 µmol kg-1 (mean 173 ±
53 µmol kg-1), corresponding to oxygen saturation of 13–243% (mean 94% ± 30; Figure
4.3 c, Table 4.1). The fore reef exhibited a similar mean DO (172 ± 25 µmol kg-1) but a
narrower range of 81–370 µmol kg-1, with saturation levels ranging 44–203% (mean
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94% ± 14; Figure 4.3 c, Table 4.2). At both sites, DO experienced daily peaks, with
their highest values during daylight, and did not exhibit clear seasonal trends over the
course of the deployment (like temperature). In the lagoon, chlorophyll concentrations
were low, ranging from 0.01–0.44 µg L-1 (mean 0.13 ± 0.06 µg L-1) but experienced
daily fluctuation (Figure 4.3d).

FIGURE 4.3: Time series of physical and biogeochemical parameters at Cement Wreck
Reef lagoon (blue) and fore reef (red) sites. (a) Temperature in°C , (b) salinity in psu,
(c) DO concentration in µmol kg-1, and (d) chlorophyll concentration in µg L-1 (lagoon

only) are plotted from October 19–December 12, 2023.

4.3.1.1 pH across the reef

Throughout the deployment, pHT in the lagoon (pHT–Lagoon) was observed to be more
variable than in the fore reef (pHT–FR). Ranging 7.80–8.30, pHT–Lagoon not only had a
wider range, but a lower mean (7.98 ± 0.07) than that of pHT–FR which ranged
7.91–8.11 and averaged 8.05 ± 0.02 (Figure 4.4). Both sites displayed strong diel cycles.
The pH discrepancy between sites (pHT–FR−pHT–Lagoon) ranged from -0.27 to 0.28
(mean = 0.08 ± 0.07) and persisted the extent of the deployment.
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FIGURE 4.4: Time series of pHT at Cement Wreck Reef lagoon (blue) and fore reef (red)
sites. Dashed blue line (pHT = 7.976) and dashed red line (pHT = 8.054) represent the
mean pHT in the lagoon from October 19–December 12, 2023 and in the fore reef from

October 26–November 30, 2023 respectively.

4.3.1.2 Lagoon Carbonate Observations

Carbonate chemistry measurements in the lagoon further demonstrated the observed
lagoon pH variability described above. TA ranged 2414–2570 µmol kg-1 with a mean
of 2523 ± 24 µmol kg-1 (Figure 4.5a). Measured pCO2 exhibited wide fluctuations
ranging from 213–1743 µatm with mean 537 ± 148 µatm, and derived pCO2 (from
TA/pH LOC sensor measurements) closely tracked sensor pCO2, with a milder range
of 228–825 µatm and mean 516 ± 103 µatm (Figure 4.5b). The mean and median
difference between (time-matched) measured and derived pCO2 in the lagoon was 18
µatm, and 6 µatm respectively (1σ = 64 µatm, n = 748). The only significant
disagreement between measured and derived pCO2 can be seen the week of
November 23 (Figure 4.5), when the SAMI-CO2 sensor measured pCO2 up to 1743
µatm (November 24 at 02:00 AST) while the derived pCO2 peaked at 817 µatm
(November 23 at 23:00 AST). The median difference between the two is much lower
than the mean difference because of this event.

DIC, which was calculated from sensor measured TA and pHT, ranged 1868–2298
µmol kg-1 with mean 2157 ± 67 µmol kg-1 (Figure 4.5c) and often tracked pCO2

changes in relative magnitude and timing. Unlike pHT, the TA and pCO2 sensors were
deployed for a shorter duration beginning October 26, 2023 and ending on November
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30, 2023 with non-operational performance gaps spanning November 9–14, 2023 for
TA and pCO2 sensors and Nov 18–22, 2023 for only the TA sensor. Subsequently, there
are gaps in the DIC time series during these dates because of it’s reliance on TA for
derivation (Figure 4.5). The aragonite saturation state (Ωarag) ranged from 2.90–6.15
with mean 4.07 ± 0.53.

FIGURE 4.5: Time series of carbonate system observations in the Cement Wreck la-
goon. (a) TA in µmol kg-1, (b) pCO2 (in µatm) measured by the SAMI-CO2 sensor
(blue) and pCO2 derived from pH and TA LOC sensor measurements (pink) (c) de-
rived DIC in µmol kg-1 are plotted from November 02–December 12, 2023. Gaps in
time series reflect sensor downtime (a–b) and therefore corresponding missing de-

rived DIC (c) and derived pCO2 (b).

4.3.2 Metabolic Signals

Pronounced diel cycles were observed in several parameters at both sites, with greater
amplitudes in the lagoon than on the fore reef (Figure 4.6). In the lagoon, water
temperatures increased during daylight hours (daylight hours defined as between
06:00 and 18:00 AST), producing daily ranges over 1.5°C, with highest temperatures
between 13:00 and 14:00 AST and lowest temperatures between 05:00 and 06:00 AST
(Figure 4.6a). The fore reef experienced daily high and low temperatures at the same
time as the lagoon but exhibited much smaller daily temperature changes, generally
less than 0.25°C (Figure 4.6a). Salinity experienced minimal to no diel variability at
both sites with daily ranges less than 0.02 PSU (Figure 4.6b). DO concentrations in the
lagoon peaked during late afternoon (14:00–15:00 AST) and reached minima in the
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early hours of each morning (02:00–04:00 AST), with daily amplitudes frequently
exceeding 120 µmol kg-1 (Figure 4.6c). Unlike the lagoon, the fore reef DO reached
minima later in the morning (around 05:00–06:00 AST) and consistently peaked earlier
in the afternoon (11:00–12:00 AST), with much smaller daily changes than the lagoon,
typically less than 60 µmol kg-1 (Figure 4.6c). Observed pHT mirrored DO in its diel
cycle. pHT–Lagoon values peaked around 15:00 AST and nighttime minima between
04:00 and 06:00 AST, with average daily ranges of 0.14 (Figure 4.6d). Like DO in the
fore reef, pHT–FR peaked earlier in the day (11:00–12:00 AST) but reached minima an
hour before DO, between 03:00 and 04:00 AST. Diel amplitudes of pHT–FR were
comparatively much smaller than pHT–Lagoon, averaging 0.04 pH units (Figure 4.6d).
Overall, pHT–FR values were much less variable than pHT–Lagoon, and were
consistently higher, except for during the pHT–Lagoon daily maxima when the upper ±
1 standard deviation reaches up to 8.12 at 16:00 AST.

FIGURE 4.6: Diel cycles of environmental and carbonate parameters in the lagoon
(blue) and fore reef (red) sites of Cement Wreck Reef. (a) Temperature in °C from
both sites, (b) salinity in psu from both sites, (c) DO in µmol kg-1 from both sites, (d)
chlorophyll in µg L-1 from the lagoon, (e) pHT from both sites (f) pCO2 in µatm from
the lagoon, (g) TA in µmol kg-1 from the lagoon, and (h) derived DIC in µmol kg-1

from the lagoon are all plotted representing the average value of each parameter per
hour of day over the duration of the deployment, with error bars representing ± 1
standard deviation. Yellow highlighted areas (a–h) depict daytime hours from 06:00–

18:00 Arabian Standard Time (AST).

Chlorophyll, pCO2, TA, and derived DIC exhibited inverse diel cycling. These
parameters were only observed in the lagoon, and they reveal a daily nighttime
maxima and daytime minima. Chlorophyll concentrations in the lagoon show a clear
dip in middle of the day around 12:00–13:00 AST, followed by a sharp increase still
during daylight but peaking just after sunset around 18:00–20:00 AST. The daily
change in chlorophyll averaged 0.1 µg L-1. In the lagoon, highest pCO2 values occur at
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02:00 AST and lowest values later in the day between 15:00 and 16:00 AST (Figure
4.6f). Daily pCO2 maxima commonly exceeded 600 µatm, with minima at 400 µatm
(atmospheric equilibrium), and typical daily changes averaging 300 µatm. TA in the
lagoon exhibited a shallower diel curve due to its higher variability throughout the
deployment. TA was relatively steady during the nighttime, averaging 2529 µmol kg-1

from the hours of 19:00–06:00 AST. However, TA would decrease daily at around
15:00–1600 AST and often drop below 2500 µmol kg-1 (Figure 4.6g). The amplitude of
change in TA during the day ranged from 4–108 µmol kg-1 (Figure 4.4a & 4.5g),
meaning that during some 24-hour periods, there was very limited change in TA (e.g.,
Nov 28–29). DIC followed a similar pattern to pCO2, with afternoon minima (between
15:00 16:00 AST) ranging from 1987–2124 µmol kg-1, and nighttime maxima (between
04:00 and 05:00 AST) ranging from 2174–2246 µmol kg-1, resulting in average diel
cycle of 146 µmol kg-1.

The relationship between measured pHT and DO were compared to the theoretical
relationship (pH:DO) based on Redfield Ratio (Figure 4.7). pH and DO correlated
positively at both sites, however, the relationship between pH and DO varied.

FIGURE 4.7: Relationship between DO and pHT at (a) lagoon and (b) fore reef sites
of Cement Wreck Reef. A zoomed view of the fore reef pH:DO relationship is shown
in (c). Both relationships are compared with theoretical Redfield-based Photosynthe-
sis:Respiration (P:R) model shown as a solid black line in (a), (b), and (c). Best fit
line between pH and DO as determined by the linear least squares regression (dashed

black line) in (a), (b), and (c).

In the lagoon, the pH:DO relationship was highly correlated (R2 = 0.943) and the slope
of its best-fit line closely followed that of the theoretical relationship subset of 0.0013
and 0.0011 respectively (Table 4.3, Figure 4.7a). In the fore reef, the pHT values are



113 Chapter 4

lower than expected based on DO range, and the pH:DO relationship is weak (R2 =
0.145). When fit to a linear regression, the fore reef observed pH:DO relationship has a
slope of 0.0004, which differs from the P:R model subset slope of 0.0011 (Table 4.3,
Figure 4.7 b,c). On both sites, we observe a pH:DO nighttime slope 0.0002 higher than
the respective daytime slope (Table 4.3).

TABLE 4.3: Linear regression equations describing the relationship between DO and
pHT at lagoon and fore reef sites of Cement Wreck Reef, separated by diel periods (all,
day, night). The P:R Model subset for each site is included (red). Best-fit equations,
coefficient of determination (R2), root mean squared error (RMSE), and number of

observations (n) are reported for each.

Location Diel Cycle Equation of best fit line R2 RMSE n

Lagoon

All y = 0.0013x + 7.75 0.943 0.017 1280

Day y = 0.0012x + 7.77 0.934 0.018 629

Night y = 0.0014x + 7.7266 0.886 0.013 651

P:R Model y = 0.0011x + 7.7812 0.996 0.009 n/a

Fore Reef

All y = 0.0004x + 7.9923 0.145 0.022 854

Day y = 0.0002x + 8.0347 0.070 0.017 440

Night y = 0.0004x + 7.9844 0.074 0.025 414

P:R Model y = 0.0011x + 7.8823 0.998 0.004 n/a

4.3.3 Benthic Habitat

Benthic habitat quadrat surveys at the lagoon site found that the substrate was
dominated by rock (46%), followed by rubble (15%), macroalgae (13%), and hard coral
cover (10%) (Figure 4.8). Smaller contributions included sand (5%), CCA (5%), dead
coral (3%), and calcifying macroalgae (2%). In the fore reef, estimated quadrat surveys
revealed benthic composition comprised of higher coverage of hard coral (21%) and
rubble (30%), followed by sand (15%), CCA (14%), and rock (13%). While not found in
the lagoon, soft coral (3%), other invertebrates (2%) and sponges (1%), contributed
minimal percent coverage in the fore reef. There was less dead coral found in the fore
reef (1%) than the lagoon (3%). Unlike the lagoon, macroalgae and calcifying algae
were not found in the fore reef benthic survey.
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FIGURE 4.8: Lagoon (left) and Fore Reef (right) benthic habitat composition based on
quadrat analysis, showing proportions of major functional groups

4.4 Discussion

4.4.1 Drivers of Temporal Variability

High-resolution sensor observations revealed pronounced diel variability in
temperature, pHT, and DO on the Cement Wreck Reef. At both sites, daily cycles
followed the expected pattern of oxygen production and CO2 uptake driven by
photosynthesis during the day (0600–1800 AST), and respiration with oxygen
drawdown and CO2 release at night (18:00–06:00 AST). The magnitude and range of
these cycles was much higher in the lagoon compared to the fore reef (Figure 4.6 a, c,
e). This observation is consistent with previous studies reporting reefs that
experienced greater diel temperature variability also exhibit greater diel pH
variability, and that these ranges are tightly linked to reef depth (Cyronak et al., 2020;
Òscar Guadayol et al., 2014). In particular, diel variability of temperature and pH was
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found to diminish significantly at depths greater than ∼ 6 m (Cyronak et al., 2020), a
finding we observed on the fore reef (sensor mooring at 15 m depth). While residence
times, or the duration a water parcel remains within a reef, are not reported for
Cement Wreck Reef, it is important to note that longer residence times are often
expected to amplify diel ranges by allowing greater seawater modification (Zhang
et al., 2013; Lowe et al., 2016). However, rapid diel oscillations in parameters like those
measured in this study (temperature, DO, pH) dominate short-term variability from
biological forcing whereas residence time will play a greater role in determining mean
reef conditions over longer time periods (Takeshita et al., 2018; Falter et al., 2013;
Zhang et al., 2013; Cyronak et al., 2020).

Chlorophyll concentrations in the lagoon exhibited unique diel variability, with
minima measured at midday followed by an increases toward late afternoon and
evening. The same chlorophyll concentration dynamics in the Red Sea have been
previously reported by Wang et al. (2025) who found this diel phenomena to be
predominately controlled by irradiance rather than nutrient availability. High midday
irradiance, as found in the Red Sea (Overmans and Agustı́, 2019), induces
photoinhibition in phytoplankton, reducing chlorophyll density, and limiting primary
production (Wang et al., 2009). These responses are consistent with photoacclimation
observed in the dominant coral of Cement Wreck, Stylophora pistillata. The success of
hermatypic corals such as S. pistillata in oliogotrophic waters is underpinned by their
symbiosis with photosynthesising microalgae, zooxanthellae (Rowan, 1998). To
sustain this relationship, S. pistillata is known to dynamically adjust chlorophyll
concentration in response to irradiance levels (photoacclimation) in the Red Sea
(Winters et al., 2009; Titlyanov et al., 2001). Alongside Winters et al. (2009), Mass et al.
(2007) found S. pistillata corals in the Red Sea to decrease their chlorophyll
concentration per symbiont cell under high light, and displayed strong depth-driven
photoacclimation. This offers an explanation as to why lagoon DO and pH, linked to
photosynthesis rates, peaked later in the day compared to the fore reef, where greater
depth buffered irradiance levels. This finding alongside that of Wang et al. (2017)
could indicate that although chlorophyll was not measured on the fore reef, it is
reasonable to assume that chlorophyll concentrations were likely higher and peaked
earlier in the day at that site. Finally, Mass et al. (2007) showed that S. pistillata and
other calcifiers in the Red Sea maintain higher calcification rates under high irradiance
despite reducing chlorophyll per symbiont cell. This supports our observation of
afternoon decreases in lagoon TA (Figure 4.6g), which likely reflect calcification even
under high irradiance levels.
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4.4.2 Cement Wreck Reef Metabolic Processes

The strong diel co-variation, and large diel range of pH and DO observed in the
lagoon (Figure 4.6c and e) is indicative of biological activity dominated by
photosynthesis and respiration. The close match between the slope of the lagoon
pH-DO relationship and the slope of the theoretical Redfield Ratio P:R model (Figure
4.7a; Table 4.3), supports this interpretation (Cryer et al., 2023). The fore reef exhibited
a weaker pH–DO correlation that did not align as well with the P:R model, which
suggests that the additional processes, such as calcification and/or dissolution are
likely occurring. This difference can be explained by the benthic composition, the
lagoon site is dominated in the living fraction by turf algae and has low calcifying
coral cover and CCA, while the fore reef has a more than double percentage cover of
hard coral and no macroalgae present. A reef with greater hard coral cover will alter
the pH-DO further from the theoretical P:R Model due to the influence of calcification
on pH.

Analysis of lagoon TA and DIC stoichiometric dynamics provides further
confirmation of the metabolic controls we see in the Cement Wreck Reef. The overall
TA–DIC slope (∆TA:∆DIC= 0.26, R2 = 0.510 , p < 0.001, Figure 4.9, Table 4.4) is
characteristic of organic metabolism, falling nearer the ratio for
photosynthesis/respiration (slope = 0.2), than the calcification dissolution ratio (slope
= 2) line (Ho and Schanze, 2020; Yeakel et al., 2015; Cyronak et al., 2018).
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FIGURE 4.9: Relationship between DIC and TA in the lagoon. Colour represents pHT
with circle markers at daytime and diamond markers at nighttime. Aragonite satu-
ration state (Ωarag) levels are drawn in red diagonal contour lines. The DIC to TA
known ratios for calcification / dissolution (-2/2) and photosynthesis/respiration (-
0.2/0.2) are depicted by gray dashed lines. The best fit line between DIC and TA as
determined by the linear least squares regression (slope = 0.26) is the solid black line.
It should be noted that the intersection of the known ratios (gray dashed lines) have
been centred on the scattered data distribution and are not intended to imply where
each process begins and ends, but rather illustrate the expected trajectories of these

processes in DIC-TA space.

NCP accounted for ∼87% of observed variability in DIC and TA. Since
photosynthesis-respiration primarily modulate DIC with comparatively small,
nutrient-linked changes in TA, a low TA-DIC slope is expected when NCP is the
predominant metabolic driver, therefore corroborating that diel changes in carbonate
chemistry in the Cement Wreck lagoon were largely governed by organic carbon
processes rather than NCC (Shamberger et al., 2011; Yeakel et al., 2015; Cyronak et al.,
2018). Algae/turf communities tend to exhibit higher NCP but comparatively low
NCC compared to coral-dominated communities which show higher NCC for a given
amount of production (Roth et al., 2020, 2021). Thus, a turf-heavy community
alongside lesser coral/CCA cover (Figure 4.8) provides an explanation for the
NCP-dominated TA–DIC slope (0.26; Table 4.4) and the large diel ranges of pH–DO in
the lagoon (Figures 4.6e and 4.7a).
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TABLE 4.4: Linear regression equations for the relationship between DIC and TA in
the lagoon at Cement Wreck Reef, separated by diel periods (all, day, night). Equation
of best fit line, coefficient of determination (R2), root mean square error (RMSE), and
number of observations (n) for each are reported. Each relationship was found to be

statistically significant with all p-values<0.001.

Location Diel Cycle Equation of best fit line R2 RMSE n

Lagoon

All y = 0.2602x + 1963 0.510 17.2 755

Day y = 0.2654 + 1955 0.533 17.4 369

Night y = 0.4011 + 1651 0.473 15.7 368

When placed in a global context, contribution of NCP (87%) and the TA-DIC slope
(0.26) at Cement Wreck falls at the uppermost end of NCP and the lower end of
TA-DIC slope of the global reef ranges (32–88%, 1.36–0.24 respectively; Cyronak et al.
2018). Reefs with a large NCP contribution are particularly effective at driving pH,
because organic metabolism produces stronger proton fluxes per unit change in DIC
compared to calcification/dissolution. This can be visualised in TA-DIC space where
pH isolines typically have a slope close to 1. When the TA-DIC relationship yields a
slope <1 (as seen with dominant NCP), it crosses more isolines of pH, resulting in
larger pH variability (Cyronak et al., 2018). This is demonstrated in Figure 4.9 as our
data points cover pH range 7.85–8.22 (pH represented by color, crossing Ωarag contours
depicted by red contour lines) and DIC range 1871–2297 within the TA-DIC space.
Visualizing this concept from another perspective, Figure 4.6 panels c, e, g, h depict a
large drawdown of daytime DIC with a concurrent large uptake of oxygen and
increase in pH, yet a modest change in TA. Regional comparisons from the northern
Red Sea reveal near-identical TA-DIC slopes of 0.29, 0.26, and 0.25 NCP of 85%, 87%,
and 87% reported in years 1997, 1998, and 2013 respectively (Silverman et al., 2007;
Cyronak et al., 2018). This suggests that while reefs around the world have seemingly
shifted towards NCP, reefs like Cement Wreck within the Red Sea have been
dominated by primary production for the last 25 years and may be stable in this state.

Day-night contrasts in Table 4.4 add important nuance to our interpretations. The
daytime TA-DIC slope (0.265) remains firmly in the NCP-dominated regime, while at
the night the slope steepens (0.401), indicating a larger NCC contribution in addition
to respiration. This is consistent with enhanced CaCO3 dissolution seen by reef
frameworks under low pH and low Ωarag nighttime conditions—an effect shown to
intensify under ocean acidification (Stoltenberg et al., 2021; Kwiatkowski et al., 2016;
Cyronak and Eyre, 2016). For example, long-term observations from the Eilat Nature
Reserve (Northern Red Sea) documented substantially higher nighttime CaCO3

dissolution in 2015–2016 compared to 2000–2002 (Moav-Barzel et al., 2023). Our
pH-coloured data plotted across Ωarag contours in Figure 4.9 align with this archetype
of lower pH, lower Ωarag at night (denoted by diamond markers), with modest TA



119 Chapter 4

repletion, likely by dissolution. Taken together, these results highlight how the
balance between organic and inorganic metabolism varies not only across global reef
settings but also within single reef systems over a diel periods. Abiotic dissolution of
aragonite should not occur as the seawater is supersaturated with respect to aragonite
(Ωarag > 2.5; Figure 4.9), however dissolution has been identified on reefs where
seawater Ωarag > 2.5 due to micro environment effects (de Orte et al., 2021; Islam et al.,
2016). Furthermore, substantial substrate (rock, rubble, sand) coverage in the lagoon
(Figure 4.8) could possibly imply that there are permeable sediments where pore
water advection may enhance the nighttime dissolution signal we see, offering insight
into the steeper slope of the TA-DIC at night (0.401), but remains to be investigated
further (Cyronak et al., 2013; Rao et al., 2012; Precht and Huettel, 2003; Moav-Barzel
et al., 2023).

4.5 Conclusion and Broader Implications

The central novelty of this work was the use of co-located, autonomous,
high-resolution sensors including in situ TA for multi-month observations on a coral
reef. Autonomous sensors transform reef biogeochemistry from occasional snapshots
into a high-frequency observing system. Critically, this deployment demonstrated the
feasibility and scientific value of continuous in situ TA alongside pH and DO on a reef.
The inclusion of high-resolution autonomous TA observations allowed for an ideal
input parameter pairing to constrain the carbonate system, highlight direct alkalinity
short-term trends, and corroborated interpretations of reef metabolic control based on
pH/DO observations. By sustaining sub-hourly measurements, our sensor moorings
detected synoptic variability that drives reef metabolic processes, and captured
short-lived transitions between net production and net dissolution that conventional
sampling surveys may miss. Furthermore, the sheer quantity of observations tightens
regressions and reaffirms processes seen across diel cycles.

By characterizing diel variability and quantifying the dominance of NCP over NCC at
Cement Wreck Reef, this study contributes a baseline understanding of Red Sea reef
metabolism. Our results suggest that despite environmental extremes unique to the
Red Sea, these reefs metabolically behave in ways consistent with coral reef
ecosystems around the world, and in a climate where reefs are constantly under threat
there is evidence of stability in NPP and TA-DIC slope over the last 25 years. As reefs
continue to face global and local stressors the ability to monitor reefs is imperative and
we demonstrate how by deploying pH, DO and TA sensors we are able to fully
constrain (and overdetermine) the carbonate chemistry of the reefs and identify
metabolic process more efficiently than traditional discrete measurements. Scaling up
autonomous deployments like this one and integrating them into comprehensive
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observing networks could more effectively predict how future warming and
acidification will alter coral reef carbonate budgets and metabolic balances globally.

Open Research Section

All sensor data are available from The University of Southampton Data Repository via
https://doi.org/10.5258/SOTON/D3691.

https://doi.org/10.5258/SOTON/D3691
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Conclusions

5.1 Summary and Key Results

The global ocean plays a central role in regulating Earth’s climate, absorbing
anthropogenic carbon dioxide (CO2) emissions and regulating temperature (Gruber
et al., 2023; Friedlingstein et al., 2025). Yet, the increased flux of CO2 into surface
oceans is reducing seawater pH, and consequently ocean carbonate ion availability
(Zeebe and Wolf-Gladrow, 2001; Doney et al., 2009; Jiang et al., 2019). Ocean
acidification, alongside increasing sea surface temperature, have profound
consequences for global marine ecosystems, carbon storage, and biogeochemical
cycling, that threaten ocean resources relied on by the majority of the human
population (Doney et al., 2020; Falkenberg et al., 2020; Maslin et al., 2025). Established
ship-based monitoring approaches, while precise, are limited in temporal and spatial
coverage, and leave many coastal, shelf, and reef environments under-sampled and
poorly constrained (Bushinsky et al., 2019). As high-quality, high-resolution
autonomous carbon system observing technologies emerge, a greater emphasis has
been placed on honing and harnessing their capabilities. We’ve reached a defining
moment for our planet and civilization’s health alike, and sustained, scientific
investigation and intervention is incontrovertibly required.

The work in this thesis set out to expand the scientific capabilities for autonomous
observing of the marine carbonate system, whilst targeting dynamic environments
where traditional ship-based approaches may overlook significant variability. Across
three distinct scientific applications and deployments, novel autonomous technology
is demonstrated as a tool for high-quality carbonate measurements at resolutions that
resolve fine-scale processes and improve our understanding and interpretation carbon
cycling, air–sea CO2 exchange, and ecosystem metabolism.

Chapter 2 showcases the first successful use of an autonomous vehicle to characterise
the carbonate system from direct in situ measurement by pH and TA. Lab-On-Chip
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(LOC) sensors integrated onto the Autosub Long Range (ALR) collected
measurements with uncertainties meeting weather-quality criteria (±0.02 for pH and
±10 µmol kg for TA), and aligned closely to the ”gold standard” discrete bottle
samples collected from coincident ship operations. Residual analysis revealed
environmental properties from observation spatiotemporal mismatch that explained
pH disparities observed between ALR sensing and ship-based CTD discrete sampling
(Hammermeister et al., 2025).

Chapter 3 extended capabilities of the autonomy demonstrated in Chapter 2 in both
spatial and temporal scales while unsupported by ship operations, undertaking the
first fully autonomous long-distance ALR mission with scientific sensors onboard
(Phillips et al., 2023). With both a SeaFET pH and LOC pH sensor measuring
continuously throughout, the ALR traveled over ∼2000 km in the course of five
weeks, transiting the Celtic Sea continental shelf. Sensor redundancy was proven as a
robust tool for drift and accuracy corrections for the coastal pH measurements,
outperforming established global models and neural networks. Importantly, the
mission yielded unprecedented high-resolution air–sea CO2 flux estimates,
uncovering process-scale variability missed by climatologies and flux sensitivity to
pH measurement, amplified by wind conditions.

Chapter 4 used the same Lab on Chip / sensor hub technology from Chapters 2 and 3
to observe the unique yet poorly understood biogeochemical dynamics of reef systems
in the Red Sea, during a multi-month autonomous sensor mooring deployment.
Chapter 4 documents the first record of autonomous standalone TA sensor
measurements on a coral reef, alongside extended high-resolution observations of pH,
pCO2, derived DIC, dissolved oxygen, temperature, salinity, and chlorophyll.
Differing benthic community characterisations contextualized the metabolic dynamics
seen between the two sub-sites (fore reef and lagoon) within the reef. The reef
experienced pronounced diel cycling, with the lagoon exhibiting higher fluctuation
and pH-DO coupling than the fore reef. The inclusion of high-resolution TA
measurements in the lagoon enabled over determination of the carbonate system, and
resolved a TA-DIC relationship (slope = 0.26) indicating net community production
accounted for ∼87% of the metabolic dynamics on the reef; remarkably matching
decade-old studies by Silverman et al. (2007).

5.2 Discussion

The chapters of this thesis examine how autonomous technologies can be used to
better our understanding of the marine carbonate system across distinct ecological
and hydrographic settings. Each demonstrated application (chapter) resolves a
different question in ocean carbon cycling (biogeochemical gradients across a
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temperate shelf sea in Chapter 2, flux variability from a coastal transect in Chapter 3,
and metabolic forcings on a coral reef in Chapter 4) all while working to demonstrate,
analyse, and validate high-frequency autonomous novel instrumentation for
high-quality oceanographic research. The LOC sensor technology used throughout
this thesis has proven capable of achieving weather-quality carbonate system
observations in both moving and fixed platform settings. This work establishes a
methodological basis for autonomy as a strong scientific tool at scales otherwise
unattainable, and as logical complement or substitute to ship-based observations.

The progression across chapters in this thesis also highlights how observing strategy
design is important in addressing key questions most effectively. Temperate shelf seas,
like the Celtic Sea, exhibit strong hydrographic and seasonal variability that influence
carbonate chemistry, but have been difficult to constrain with limited resolution of
ship-based surveys (Humphreys et al., 2019; Laruelle et al., 2014). Therefore, resolving
gradients and carbon cycling throughout the water column and across continental
margins requires high-resolution measurements, best achieved from moving
platforms capable of covering broad domains in space and time (Chapters 2 and 3),
complementary to the lower coverage of repeat research cruises (e.g., GO-SHIP;
Sloyan et al. 2019). In coral reef systems, driving metabolic processes are better
defined using fixed-point observatories to capture the fast-changing chemistry driven
by often shallow hydrography and benthic ecosystem composition (Chapter 4.

Similarly, the choice of measured parameters will have a big impact on the uncertainty
of the calculated carbonate system parameters and the quality of the overall study
results . Chapters 2 and 4 used pH–TA as input variables to characterise and
over-determine the marine carbonate system. As outlined in Table 1.1, pH–TA is a
more desirable input pair for minimizing propagated error (Dickson and Riley, 1978;
Orr et al., 2018). Comparisons to ”gold standard” discrete ship-based measurements
in Chapter 2 and cross-sensor agreement (e.g., ISFET pH vs LOC pH) in both Chapters
2 and 4, support this choice for accurate carbonate system characterisation (Figures
2.11,2.12, and4.5b). In Chapter 3, redundancy between spectrophotometric LOC pH
and electrochemical SeaFET pH provided a means of onboard corrections, and
improved reliability for interpreting pH and quantifying air-sea CO2 exchange. While
Chapter 3 deployment incorporated modeled TA to close the system, sensitivity
analysis confirmed that TA uncertainty contributed only marginally to pCO2 and flux
estimates, whereas small differences in pH had a much larger impact. This finding
reconciles the use of parameterised TA in Chapter 3 with the broader conclusion that
accurate direct pH measurements are the most critical factor in reducing error for flux
determinations.

By positioning these results to address community capability gaps, and validating
them against discrete sampling, literature, and system over-determination, this thesis
contributes to efforts to expand high-resolution, autonomous carbonate monitoring
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into dynamic coastal and reef systems that remain undersampled relative to the open
ocean (Bushinsky et al., 2019; Tilbrook et al., 2019). The demonstrated consistency of
methodological principles, optimal use of input selection, sensor redundancy, and
cross-validation across very different environments throughout this suggests that
autonomous observations can provide scientifically sound determinations and
evaluations of the marine carbonate system.

5.2.1 Limitations

Autonomous deployments with advanced technology inherently involve instrument
and platform limitations. LOC analysers require power, reagents, and co-located S, T,
P from a CTD for in-situ corrections (Yin et al., 2021; Schaap et al., 2021b). In Chapters
2 and 4 LOC carbonate sensors were connected to CTD/DO data stream, managed by
the sensor-hub interface. These design choices enable real-time insitu calculations but
rely on vehicle compatibility and CTD availability. Moreover, despite strong
performance, sensor measurements generally met GOA-ON weather-quality (and not
climate-quality) criteria, leaving room for improvement of uncertainty reduction, and
continued technological development.

The primary challenge faced by Chapter 2 was working to validate sensor
performance by comparing a moving platform dataset to discrete bottle samples that
are mismatched in space and time. To enable comparison, discrete results (chosen for
their uniform spatial sampling and ”gold standard” determination) of pH, TA, DIC,
dissolved oxygen, salinity, and temperature were interpolated in density space using
natural neighbour techniques and sampled at ALR measurement coordinates. While
methodologically defensible, this step introduces uncertainty that is difficult to
quantify, particularly in heterogeneous coastal waters. Additionally, the pH and TA
LOC sensors were not temporally synchronized, and because they were on a moving
platform this also made them not spatially synchronized. Therefore, gridding (via
natural neighbour interpolation) pH, TA, salinity, and temperature collected from the
ALR to produce compatible arrays was required for carbonate calculations. Again,
while this enabled high-quality derivations, and arguably extended observational
coverage in time and space, another source of error was added to the results.

Because Chapters 2 and 2 were both based on ALR operations, several
vehicle-induced limitations were shared. The LOC sampling intervals (pH ≈ 7.5 min,
TA ≈ 10 min) made the spatial representation of data sensitive to ALR ascent/ descent
rates across vertical biogeochemical gradients. When the ALR moves quickly through
the water column, the LOC intake is not sampling consistent water masses, which
degrades the quality of measurement and the ability to compare it to coincident
discrete samples, and ultimately resulted in omission of data. Additionally, vehicle
sampling pattern (e.g., lawn mower, staircase) affect the spatial resolution of sensor
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measurements any subsequent interpolation. Categorised as operational errors, rather
than analytical or technical, they are an increasing consideration for autonomous
vehicle sampling operations. Spatial coverage needs to be ensured without costly
redundancy and energy consumption, while obtaining an accurate estimate of the
underlying scalar fields of interest (Ho and Saripalli, 2011). Ideally, deployment of the
autonomous vehicle with sensors onboard need to adapt to data processing needs and
desired outcome from the data. Chapter 2’s Deep Sampling Transect followed a strict
latitudinal line (Figure 2.4), simplifying analysis, but only sampled a few constant
depths across a wide depth range. This can cause inaccurate interpolation, especially
in mixed layers. Meanwhile, the diagonal path of the Shelf Sampling Transect (2.3)
prevented fitting data to latitude or longitude, so a ‘total distance’ transect was
calculated from GPS coordinates. This creates convoluted analysis if there is overlap
during transect, like the one in Chapter 3, because it eliminates the independent
variable as a ”total distance traveled” and becomes an arbitrary distance along track.
Analyses in Chapter 3 did not require spatial interpolation, so this limitation was
avoided by focusing on the dataset as a time series.

While using fixed-point observatories can solve some spatial and operational
limitations involved with moving platforms, new limitations, such as biofouling,
arise. The sensor mooring in Chapter 3 required weekly servicing for reagent
management, battery swaps, and anti-bioufouling, which as it stands, would
considerably constrain practical deployment duration. A major limitation of Chapter 4
however, was the lack of discrete sampling, especially for TA on the fore reef. Unlike
Chapter 4, algorithm-derived TA was not feasible due to the absence of a well-defined
region-specific oceanic or freshwater end-member and linear TA-S relationship.
Futhuremore, despite having a TA sensor, we could not calculate net community
calcification (NCC) rates using the TA-anomaly technique at the reef scale, an
approach that requires paired upstream–downstream TA (or reef vs offshore) and
flow/transport to convert concentration differences into rates (Eulerian or Lagrangian
approaches) typically supported by water current measurements (e.g., ADCP)
(Gattuso et al., 1999; Shaw et al., 2014; Pisapia et al., 2019). Reviews and
intercomparisons highlight that TA-anomaly NCC estimates depend critically on flow
path definition and hydrodynamic residence time; without defined separate TA
measurement sites and known seawater flow, community-scale rates cannot be
resolved, even when high-frequency TA is available (Cyronak et al., 2018; Gazeau
et al., 2015; Cohen et al., 2017). Chapter 4’s deployment, (one TA site; no ADCP),
chemical variability and stoichiometric inferences (e.g., TA–DIC slopes) were made
instead of integrated NCC rates.
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5.2.2 Future Perspectives

The results presented in this thesis demonstrate that autonomous carbonate system
observations can deliver weather-quality measurements across a range of dynamic
environments. Building on these advances, future development should focus on
improving analytical stability, extending deployment endurance, and continuing to
expand autonomous operations. Future recommendations specific to LOC technology
and LOC-based deployments suggest lowering reagent and power requirements,
synchronizing multi-sensor measurements, and pushing toward climate-quality
precision criteria. These developments would better enable long-term climate trend
detection in addition to process-scale investigations. Continued efforts to complement
ship-based surveys and fixed observatories will remain important for global model
improvements, data accessibility, and advancement of multi-platform observing
networks.

A particularly pressing application of these technologies is in the emerging need for
measurement, reporting, and verification (MRV) to support rapidly-growing marine
carbon dioxide removal (mCDR) efforts. Specific methods of mCDR include ocean
alkalinity enhancement (OAE), blue carbon enhancement (blueCDR), and off-shore
geological carbon storage (mCS) (Yao et al., 2025). Current best-practice frameworks
for mCDR emphasize the importance of direct measurements of pH, TA, DIC, and
pCO2 to attribute and quantify net carbon removal, with explicit uncertainty budgets
(National Academies of Sciences and Medicine, 2022; Ho et al., 2023). The use of LOC
TA and pH sensors in this thesis directly address these requirements by reducing
propagated error in derived variables and providing high-frequency records of the
marine carbonate system. Embedding such sensors into OAE, blueCDR, and mCS
pilot studies would allow the effects of alkalinity addition to be tracked against
natural variability, providing data that are both scientifically rigorous and verifiable
against international standards such as the GOA-ON quality objectives (Tilbrook et al.,
2019; Newton et al., 2019). Similarly, autonomous carbonate observations also have
potential for the continued monitoring of offshore carbon capture and storage (CCS)
projects, like the work by Schaap et al. (2021a), who demonstrated an approach for
LOC sensors to detect and quantify a subsea release of CO2 that imitated a leak from a
subsea CO2 reservoir. Ultimately, the methodological advances demonstrated in this
thesis, including sensor validation, sensor redundancy, and spatiotemporal analysis
strategies offer transferable templates for MRV of CCS and OAE efforts alike. These
perspectives highlight how autonomous technology is positioned not only to advance
scientific understanding of ocean carbon cycling, but also to support the applied
monitoring needs for credible climate mitigation.
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5.3 Hypotheses Revisited

This thesis successfully undertook the main aims of this work (Chapter 1, Section 1.3)
to:

• demonstrate emerging autonomous technology capabilities and compare them
to traditional methodology when measuring and characterising marine carbon
(Chapter 2)

• investigate new developments in autonomous sensor and platform technologies
to help fill gaps in shelf seas carbon observations (Chapter 3)

• resolve the controlling metabolic processes and carbonate dynamics of a coral
reef in a unique and understudied region from autonomous sensor observations
(Chapter 4)

Below the hypotheses defined in Chapter 1 Section 1.3.1 are evaluated:

Chapter 2

• Autonomous pH and TA observations from sensors on an AUV can be of comparable
quality to those collected using traditional methods from a ship.

– Sensors achieved weather-quality uncertainty thresholds, and agreed with
discrete bottle samples within combined uncertainties. Differences largely
reflected spatiotemporal mismatch rather than analytical bias.

• Challenges in comparing AUV with ship observations in space and time can be
adequately resolved using spatial interpolation methods.

– Spatial interpolation methods successfully (and numerically) compared
AUV transect sensor measurements with ship-based discrete observations,
which provided meaningful insights between the two methodologies.
However, this approach likely introduced additional error that is difficult to
quantify, which highlighted an inherent limitation when comparing and
validating moving autonomous platform observations against discrete
sampling.

• High-resolution observations collected using an AUV can reveal environmental features
that traditional surveys can overlook.

– Sensor measurements from ALR transects captured small-scale gradients
and variability across shelf boundaries that were not apparent from
coincident CTD discrete sampling alone, highlighting the added value of
continuous autonomous observations.
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Chapter 3

• Characterising the carbonate system in shallow coastal waters using autonomy and
associated computational methods (as per BGC Argo) can lead to significant errors.

– Reliance on model outputs produced systematic offsets relative to direct
measurements, with error magnitudes large enough to alter the direction of
air-sea CO2 flux estimates.

• Sensor redundancy can improve data quality by providing a better means for sensor drift
correction than traditional computational techniques.

– Redundancy between LOC pH and SeaFET pH sensors allowed
cross-validations and drift adjustment, which offered a more reliable
correction approach (using k0 adjustment) than climatological or
neural-network models in a coastal ocean setting– especially supported by
the pH sensors agreeing better with one another than with model outputs.

• Total Alkalinity parameterisation using established regional algorithms can be of
adequate quality for carbonate system characterisation when paired with measured pH
from autonomous sensors.

– TA parameterisations allowed characterisation of the carbonate system, and
matrix sensitivity analysis showed TA contributed little to flux variability
relative to pH. While adequate for some applications, reliance on modelled
TA remains a limitation, especially in regions where not possible.

Chapter 4

• High resolution pH, TA, pCO2, and DO observations can help disentangle dominant
metabolic processes in a reef system

– High-frequency pH, TA, and DO resolved distinct diel patterns that
distinguished photosynthesis-respiration signals (tight pH-DO covariation,
low TA-DIC slope) from calcification-dissolution influences (often weaker
pH-DO alignment and higher TA-DIC slope). Autonomous TA, pH, and
pCO2 sensors also provided an overdetermined carbonate system
characterisation of the reef lagoon (but not fore reef), that allowed internal
consistency checks and reduced uncertainty in derived variables.
Agreement among independently measured parameters validated both
sensor performance and robustness of carbonate system calculations, but
most importantly confirmed the observed variable signals and
relationships were real.
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• TA and pH sensor measurements will reveal the relative contribution of NCP and NCC
to the reef’s metabolic signal

– TA–DIC slopes (DIC derived from TA and pH sensor measurements)
indicated that net community production accounted for ∼87% of lagoon
metabolic processes, consistent with prior reef studies. Differences between
lagoon and fore-reef signals further demonstrated the value of autonomous
TA for resolving metabolic dynamics, since TA was not measured on the
fore reef.

• High-frequency autonomous observations will capture diel and seasonal variability in
reef carbonate chemistry that would be otherwise unresolved by traditional sampling
approaches.

– Multi-month autonomous measurements resolved large diel pH and DO
cycles in the lagoon, seasonal shifts across the reef, and site-specific
differences that likely would have been missed with discrete sampling
alone. However it can not be stated for certain the discrete sampling would
have missed it because no discrete sampling took place, a major limitation
of this chapter.

• The relative contributions of NCP and NCC to the reef’s metabolic signal will be related
to the benthic community composition of the reef.

– The lagoon, dominated by turf algae, exhibited strong diel pH-DO
covariation consistent with photosynthesis–respiration, while the fore reef
(composed of more coral cover and than the lagoon and no algal cover)
displayed weaker correlations indicative of stronger influence of
calcification-dissolution than the lagoon. Analysis of the TA–DIC
relationship further confirmed that net community production dominated
lagoon variability, whereas higher calcifier abundance on the fore reef offers
an explanation (in the absence of TA observations) for weaker pH-DO
correlations.

5.4 Closing Statement

The ocean’s role in the global carbon cycle is too important to remain under-observed.
This thesis has demonstrated how autonomous technologies can transform ocean
carbon understanding and observational efforts. These contributions arrive at a
moment when climate-critical decisions demand robust, high-resolution,
science-backed data from the ocean. The challenge of observing the marine carbonate
system is substantial, but so too is the potential for use of cutting-edge autonomous
technologies, like the ones presented in this thesis.
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Appendix A

Supporting Information for Chapter
2

Emily M. Hammermeister, Stathys Papadimitriou, Martin Arundell, Jake Ludgate,
Allison Schaap, Matthew C. Mowlem, Sara E. Fowell, Edward Chaney, and Socratis
Loucaides Environmental Science & Technology 2025 59 (14), 7129-7144,
https://doi.org/10.1021/acs.est.4c10139

Summary

This supporting information contains six figures and one table that support Chapter 2:
New capability in autonomous ocean carbon observations using the Autosub Long-Range
AUV equipped with novel pH and Total Alkalinity sensors. The figures provide additional
detail on sensor–CTD intercomparison, including concept visualisation (Figure A.1),
spatial contour plots (Figures A.2 and A.3), deployment pH–oxygen relationship
(Figure A.3), and residual analyses for both the shelf and deep transects(Figures A.5
and A.6). Table A.1 summarizes the uncertainty values applied in CO2SYS error
propagation and combined standard uncertainty calculations defined in the main text
of Chapter 2.

https://doi.org/10.1021/acs.est.4c10139
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FIGURE A.1: Visual representation of ”standardised” grid of pHT-ALR and TAALR in-
terpolated data coverage (light blue, right) is used for CO2SYS computation.
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TABLE A.1: Uncertainty values for each input parameter used for error propagation
calculations using CO2SYS errors.m routine and standard combined uncertainty cal-
culations used in Equation 2.3 in Chapter 2. Uncertainties for parameters determined

from technology manufacturers specifications as outlined in main text of Chapter 2

Input Parameter Sensors onboard ALR Discrete Bottled Samples

uTA (µmol kg−1) 7 3

upH (pH units) 0.010 0.005

uDIC (µmol kg−1) n/a 6

uTemperature (◦C) 0.002 0.001

uSalinity 0.003 0.003
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FIGURE A.2: Comparative profiles and spatial contour maps of parameters measured
by CTD casts and ALR across the Shelf transect. Each row corresponds to a different
parameter: (a) Temperature (°C) profiles with depth. The left panel shows CTD casts
(blue) and ALR data (orange). The middle panel shows a contour plot of the CTD
data, and the right panel shows a contour plot of the ALR data. Contour lines and
their colour are defined by the parameter shown with depth along distance of Shelf
Transect. The grey circles in the middle plots indicate CTD bottle locations and while
the dashed grey lines in the right plots represent the ALR path. (b) Salinity (PSU)
profiles and contours with the same format as in (a). (c) Dissolved oxygen (µmol kg-1)
profiles and contours with the same format as in (a). (d) Density (kg m-3) profiles with
the same format as in (a). (e) Fluorescence (µg L-1) profiles with the same format as in
(a). There was no fluorometer onboard the ALR which is why there is no depth profile
or contour map in row (e) with ALR data. The ALR contour maps in the third column
of rows a-d do not go to the same depth as the CTD contour maps in the second column
because the ALR’s maximum depth measuring these parameters in the shelf transect

was 80 m.
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FIGURE A.3: Comparative profiles and spatial contour maps of parameters measured
by CTD casts and ALR across the Deep Transect. The depth profiles on the leftmost
plots for all rows a-d show CTD casts (blue) and ALR data (orange) of respective pa-
rameters plotted against depth. The red dashed line in all subplots represent the mean
Mixed Layer Depth (MLD). The grey circles in the middle plots indicate CTD bottle
locations and while the dashed grey lines in the right plots represent the ALR path.
Contour lines and their colour are defined by the parameter shown with depth along
longitude transect. Each row corresponds to a different parameter: (a) Temperature
(°C) profiles with depth. The middle panel shows a contour plot of the CTD data, and
the right panel shows a contour plot of the ALR data. (b) Salinity (PSU) depth profiles
and contour maps with the same format as in (a). (c) Dissolved oxygen (µmol kg-1)
depth profiles and contour maps with the same format as in (a). (d) Density (kg m-3)

depth profiles and contour maps with the same format as in (a).
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FIGURE A.4: All CTD and ALR from both ST and DT measured data of pHT (x-axis)
plotted against Dissolved Oxygen (DO) (y-axis) to reveal a strong positive linear rela-

tionship where (R2 = 0.866, p < 0.05, n = 950).
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FIGURE A.5: Comparison of depth (a,d), time between CTD and ALR measurements
r(Time) (b,e), and density residuals r(Density) (c,f) with respect to transect distance

(x-axis in a–c) and pHT residuals (x-axis in d–f) in the Shelf Transect.

FIGURE A.6: Comparison of depth (a,d), time between CTD and ALR measurements
r(Time) (b,e), and density residuals r(Density) (c,f) with respect to longitude (x-axis in
a–c) and pHT residuals (x-axis in d–f) in the Deep Transect. In (a,b) residuals below

the MLD (<345 m) are outlined in red.
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Supporting Information for Chapter
3

Supporting Information for:
Coastal Marine Carbon and Air-Sea Fluxes Quantified from pH Sensors on

an Extended AUV Deployment

Emily M. Hammermeister, Cathy Wimart-Rousseau, Stathys Papadimitriou, Pablo
Trucco-Pignata, Edward Chaney, Robert Templeton, Alexander B. Phillips, and
Socratis Loucaides

Contents of this file:
Text B1 to B2 (containing Equations B.1–B.5)
Table B.1
Figures B.1 to B.6

Introduction
This supporting information provides details on the calculations used for pH
determination by each sensor, and the calibration coefficients for the SeaFET pH
sensor (Table B.1. Figures B.1 and B.2 included in this supporting information show
the interpolation of atmospheric carbon dioxide and wind speeds used in the main
article. Figures B.3 and B.4 provide further pH comparisons between sensor
determinations and model estimates. Figures B.5 and B.6are the calculated values
from each matrix analysis performed.
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Text B1. Lab-On-Chip pH Sensor Calculations

The Lab-On-Chip (LOC) pH sensor measures pHT photometrically (using meta-Cresol
Purple (mCP) indicator dye as stated in main text) at the temperature within the
optical cell (tm) measured from the internal thermistors within the sensor according to
Liu et al. (2010) to get pHT,m:

pHT,m = − log(K2e2) + log

(︄
R − e1

1 − R e3
e2

)︄
(B.1)

Where

• K2 is the second stochiometric (concentration-based) equilibrium dissociation
constant of mCP.

• e1, e2, and e3 are molar extinctions coefficient ratios of mCP.

• R is the conventional ratio of Absorbances (Aλ) at the absorbance maximum
wavelengths (λ), 434 and 578 nm of the protonated and deprotonated mCP
species respectively. Therefore R = A578 / A434.

The in situ pHT is then derived from pHT,m using the linear temperature factor from
Millero (1995) as follows:

in situ pHT = pHT,m − 0.01582(T − tm) (B.2)

Full details of the LOC pH sensor hardware configuration, calibration, and validation
procedures are outlines in Yin et al. (2021).

Text B2. SeaFET pH Sensor Calculations and Calibration

The pHT determination protocol for the Deep SeaFet V2 uses the following equations
and coefficients as outlined in Sea-Bird Scientific Application Note 99 Calculating pH
from ISFET pH Sensors (Sea-Bird Scientific, 2024).

pHCELL =
VREF − k0 − k2 × t − f (P)

Snernst
+ log (ClT) + 2 × log (γ ± HCl)T&P

− log
(︃

1 +
ST

KS, T&P

)︃
− log

(︃
1000 − (1.005 × S)

1000

)︃ (B.3)
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Where:
Snernst =

R × T × ln(10)
F

(B.4)

Where:

• R is the universal gas constant (8.3144621 J/Kmol)

• t is the temperature in °C

• T is the temperature in K

• S is the Salinity in psu

• P is the pressure in dbar

• F is the Faraday constant (96485.365 C/mol)

• The constants k0 and k2 are the cell standard potential offset and temperature
slope respectively

• f (P) is the sensor pressure response function (6th order polynomial):

f (P) = f1P + f2P2 + f3P3 + f4P4 + f5P5 + f6P6 (B.5)

k0, k2 f1, f2, f3, f4, f5, f6 are the calibration coefficients of the SeaFET pH sensor. The
coefficients used in the LDPT deployment can be found in Table B.1.
The remaining variables required to determine pHT from the above equations are
defined as follows:

• Total chloride in seawater (ClT) from Dickson et al. (2007).

• Partial Molal Volume of HCl
(︁
VHCl

)︁
from Millero (1983).

• Sample Ionic Strength (I) from Dickson et al. (2007).

• Debye-Huckel constant for activity of HCl (ADH) from Khoo et al. (1977).

• Logarithm of HCl activity coefficient as a function of temperature and pressure
(log (γHCl) T&P) from s. Johnson et al. (2023).

• Total sulfate in seawater (ST) from Dickson et al. (2007)

• Acid dissociation constant of HSO−
4 (KS) from Dickson et al. (2007)

• Partial Molal Volume of HSO−
4 (VS) from Millero (1983)

• Compressibility of HSO−
4 (KS) from Millero (1983)

• Acid dissociation content of HSO−
4 (KS, T&P) fromMillero (1982)
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Supporting Information Table

TABLE B.1: Calibration coefficients for SeaFET (s/n 0000100) used on the Long-
Distance Proving Trial deployment.

Coefficient Value

f 1 1.626200e-5

f 2 -9.490701e-9

f 3 -1.092300e-11

f 4 1.814700e-14

f 5 -8.782701e-18

f 6 1.44900e-21

k0 -1.424676

k2 -1.124320e-3
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Supporting Information Figures

FIGURE B.1: Time series of atmospheric CO2 interpolation.
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FIGURE B.2: Time series of wind speed interpolation.
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FIGURE B.3: Time series comparison of pHT measurements and offsets between
SeaFET pH sensor and ESPER-NN pH estimates before and after k0 correction.
(A) In situ uncorrected pHT data from the SeaFET sensor (yellow) and pHNN
estimates (red diamonds) shown alongside transiting depth of the ALR (black
line). (B) Uncorrected pH difference (∆ pHT−uncorrected = pHNN − pHSeaFET), with
a mean offset of -0.023 and standard deviation of 0.018. (C) SeaFET sensor pHT
corrected to ESPER-NN pH estimates using k0 adjustment (yellow), and same
original pHNN routine estimates (red diamonds). (D) Resulting corrected offset
(∆ pHT−uncorrected = pHNN − pHk0−NN), with mean offset of -0.00016 and standard
deviation of 0.011. Shaded gray regions in (B) and (D) span ± 0.052 pH units (on aver-
age), representing combined uncertainty between the SeaFET pH sensor and the NN

estimates
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FIGURE B.4: Time series comparison of pH difference (∆pHT, y-axis) between different
pH sensor measurements and estimation methods from May 10 to June 14, 2022. ∆pHT
is calculated as pairwise differences between pH inputs, including: (1) SeaFET sensor
pH (ppHSeaFET), (2) LOC sensor pH (pHLOC), (3) Seafet sensor pH corrected to LOC
using the k0 adjustment (pHk0–LOC), (4)/(5) ESPER routine pH estimates using a neu-
ral network (pHNN) and linear regression (pHLIR), and (5) SeaFET sensor pH corrected
to pHNN using the k0 adjustment (pHk0–nn). Each color represents a different compar-
ison combination, as described in the legend. The black horizontal line is where ∆pHT
= 0, representing a perfect agreement between comparison combinations. The figure
highlights the temporal variability and performance differences (noise) among sensor

measurements, correction approaches, and reference methods
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FIGURE B.5: Matrix analysis of mean pCO2 differences between each set of input pairs
(pH1–3 and TA1–4, defined in Table 3.2 of Chapter 3 main text). Color of each cell

indicates the magnitude of each difference (ranging 0–42 µatm
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FIGURE B.6: Matrix analysis of CO2 flux median differences between each set of input
pairs (pH1–3 and TA1–4, defined in Table 3.2 of Chapter 3 main text). The color of each

cell indicates the magnitude of each difference (ranging 0–1.1 mmol m-2 d-1
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Data Availability

All data collected for this thesis is freely available online:

Emily M. Hammermeister, Stathys Papadimitriou, Martin Arundell, Jake Ludgate,
Allison Schaap, Matthew C. Mowlem, Sara E. Fowell, Edward Chaney, and Socratis
Loucaides. New capability in autonomous ocean carbon observations using the
autosub long-range auv equipped with novel ph and total alkalinity sensors. - March
2023. University of Southampton Data Repository doi:10.5258/SOTON/D3436
[Dataset] http://eprints.soton.ac.uk/id/eprint/499565

Emily M. Hammermeister, Cathy Wimart-Rousseau, Stathys Papadimitriou, Pablo
Trucco-Pignata, Edward Chaney, Robert Templeton, Alexander B. Phillips, and
Socratis Loucaides. Coastal Marine Carbon and Air-Sea Fluxes Quantified from pH
Sensors on an Extended AUV Deployment. - March 2023 University of Southampton
Data Repository doi: 10.5258/SOTON/D3716 [Dataset]
https://eprints.soton.ac.uk/508509/

Emily M. Hammermeister, Sarah E. Cryer, Vincent Saderne, Chiara Pisapia, Stathys
Papadimitriou, Sara E. Fowell, Jake Ludgate, Allison Schaap Socratis Loucaides and
Maggie D. Johnson. Metabolic Dynamics of an Offshore Coral Reef in the Red Sea:
Observations from Autonomous Sensors. University of Southampton Data Repository
doi: 10.5258/SOTON/D3691 [Dataset] https://eprints.soton.ac.uk/508508/

http://eprints.soton.ac.uk/id/eprint/499565
https://eprints.soton.ac.uk/508509/
https://eprints.soton.ac.uk/508508/
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Sörensson, Melinda Tignor, Detlef Van Vuuren, Yi-Ming Wei, Harald Winkler,
Panmao Zhai, Zinta Zommers, Jean-Charles Hourcade, Francis X Johnson, Shonali
Pachauri, Nicholas P Simpson, Chandni Singh, Adelle Thomas, Edmond Totin,
Andrés Alegrı́a, Kyle Armour, Birgit Bednar-Friedl, Kornelis Blok, Guéladio Cissé,
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Philippe Lopez, Cristina Lupu, Gabor Radnoti, Patricia de Rosnay, Iryna Rozum,
Freja Vamborg, Sebastien Villaume, and Jean-Noël Thépaut. The era5 global
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Santana-Casiano, T Takahashi, R Wanninkhof, and A J Watson. An assessment of
the atlantic and arctic sea–air co¡sub¿2¡/sub¿ fluxes, 1990–2009. Biogeosciences, 10:
607–627, 1 2013. ISSN 1726-4189. . URL
https://bg.copernicus.org/articles/10/607/2013/https:

//bg.copernicus.org/articles/10/607/2013/bg-10-607-2013.pdf.

Sea-Bird Scientific. ECO Triplet-w | Sea-Bird Scientific - Overview | Sea-Bird, June
2023. URL https://www.seabird.com/eco-triplet-w/product?id=60762467721.
ECO Triplet-w User Manual PDF download.

Sea-Bird Scientific. Calculating pH from ISFET pH sensors. Technical Report
Application Note 99, Sea-Bird Scientific, March 2024. URL
https://www.seabird.com/asset-get.download.jsa?id=54676777052. Accessed:
2025-03-04.

Sea-Bird Scientific. SeaFET™ V2 Ocean pH Sensor Datasheet and User Manual.
Sea-Bird Scientific, May 2025. Datasheet (May 2025) and User Manual (rev E, July
2024).

Isabel Seguro, Alina D Marca, Suzanne J Painting, Jamie D Shutler, David J Suggett,
and Jan Kaiser. High-resolution net and gross biological production during a celtic
sea spring bloom. Progress in Oceanography, 177:101885, 2019. ISSN 0079-6611. .
URL
https://www.sciencedirect.com/science/article/pii/S0079661117300812.

Matthew P Seidel, Michael D DeGrandpre, and Andrew G Dickson. A sensor for in
situ indicator-based measurements of seawater ph. Marine Chemistry, 109:18–28,
2008. ISSN 0304-4203. . URL
https://www.sciencedirect.com/science/article/pii/S0304420307002782.

Hawai’i Ocean Time series (HOT). Hot surface seawater co2 and ph data at station
aloha. https://hahana.soest.hawaii.edu/hot/hotco2/HOT_surface_CO2.txt,
2025.

K E F Shamberger, R A Feely, C L Sabine, M J Atkinson, E H Decarlo, F T Mackenzie,
P S Drupp, and D A Butterfield. Calcification and organic production on a hawaiian
coral reef. 2011. . URL www.pmel.noaa.gov/co2.

https://doi.org/10.1098/rspb.2015.1887
https://bg.copernicus.org/articles/10/607/2013/ https://bg.copernicus.org/articles/10/607/2013/bg-10-607-2013.pdf
https://bg.copernicus.org/articles/10/607/2013/ https://bg.copernicus.org/articles/10/607/2013/bg-10-607-2013.pdf
https://www.seabird.com/eco-triplet-w/product?id=60762467721
https://www.seabird.com/asset-get.download.jsa?id=54676777052
https://www.sciencedirect.com/science/article/pii/S0079661117300812
https://www.sciencedirect.com/science/article/pii/S0304420307002782
https://hahana.soest.hawaii.edu/hot/hotco2/HOT_surface_CO2.txt
www.pmel.noaa.gov/co2.


185 References

Qipei Shangguan, Adam Prody, Taylor S Wirth, Ellen M Briggs, Todd R Martz, and
Michael D DeGrandpre. An inter-comparison of autonomous in situ instruments for
ocean co2 measurements under laboratory-controlled conditions. Marine
Chemistry, 240:104085, 2022. ISSN 0304-4203. . URL
https://www.sciencedirect.com/science/article/pii/S0304420322000020.

Jonathan D Sharp and Robert H Byrne. Technical note: Excess alkalinity in carbonate
system reference materials. Marine Chemistry, 233:103965, 2021. ISSN 0304-4203. .
URL
https://www.sciencedirect.com/science/article/pii/S0304420321000505.

Jonathan D Sharp, Denis Pierrot, Matthew P Humphreys, Jean-Marie Epitalon,
James C Orr, Ernie R Lewis, and Douglas W R Wallace. Co2sysv3 for matlab. 6
2023a. . URL https://zenodo.org/record/7552554.

Jonathan D. Sharp, Denis Pierrot, Matthew P. Humphreys, Jean-Marie Epitalon,
James C. Orr, Ernie R. Lewis, and Douglas W.R. Wallace. Co2sysv3 for matlab,
January 2023b. URL https://doi.org/10.5281/zenodo.7552554.

Emily C Shaw, Stuart R Phinn, Bronte Tilbrook, and Andy Steven. Comparability of
slack water and lagrangian flow respirometry methods for community metabolic
measurements. PLOS ONE, 9:e112161–, 11 2014. URL
https://doi.org/10.1371/journal.pone.0112161.

Robin Sibson. A brief description of natural neighbour interpolation. Interpreting
multivariate data, pages 21–36, 1981.

Jacob Silverman, Boaz Lazar, and Jonathan Erez. Effect of aragonite saturation,
temperature, and nutrients on the community calcification rate of a coral reef.
Journal of Geophysical Research: Oceans, 112, 5 2007. ISSN 0148-0227. . URL
https://doi.org/10.1029/2006JC003770.

Bernadette M. Sloyan, Rik Wanninkhof, Martin Kramp, Gregory C. Johnson, Lynne D.
Talley, Toste Tanhua, Elaine McDonagh, Caroline Cusack, Eleanor O’Rourke, Evin
McGovern, Katsuro Katsumata, Steve Diggs, Julia Hummon, Masao Ishii, Kumiko
Azetsu-Scott, Emmanuel Boss, Isabelle Ansorge, Fiz F. Perez, Herlé Mercier, Michael
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