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Abstract For the first time, the Autosub Long Range (ALR) completed a fully autonomous, long‐distance
(2,000 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 and a Sea‐Bird
SeaFET pH sensor, the mission generated nearly 50,000 high‐resolution pHmeasurements, providing one of the
most detailed continuous coastal carbonate data sets collected to date in the region. We evaluated the adjustment
of the SeaFET reference potential (k0), testing both the co‐deployed LOC sensor and neural network estimates as
reference pH. Before correction, the LOC and SeaFET sensors showed close agreement (ΔpHT = 0.013 ±

0.009), which improved to ΔpHT = 0.00004 ± 0.007 after LOC‐based k0 adjustment. Both sensors diverged
from model estimates, indicating reduced ability of models to resolve fine‐scale coastal variability and
reinforcing the need for direct in situ observations. Total alkalinity (TA) was derived from salinity‐based
relationships and model predictions, and paired with pH (SeaFET, LOC, and modeled) to estimate the partial
pressure of CO2 (pCO2), which ranged 263–598± 27 μatm. Resulting air‐sea CO2 fluxes ranged − 17.0 to 7.1±
1.09 mmol m− 2 d− 1, with the Celtic Margin acting as a net CO2 sink in May–June of 2022. pCO2 and CO2 flux
proved sensitive to subtle pH differences, but less so to TA estimates. Our findings demonstrate the critical role
of 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.

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 50,000 high‐resolution pH measurements, providing one of the most detailed
continuous coastal carbonate data sets collected in this region. We evaluated how well two onboard pH sensors
agreed with each other and with model‐based estimates, and tested an applied correction method. Before and
after correction, the sensors closely agreed, showing that autonomous platforms can gather high‐quality
chemical measurements that resolve coastal marine carbon dynamics better than model estimates alone. We
used the pH data, along with estimates of TA, to calculate carbon dioxide (CO2) exchange between the ocean
and atmosphere, finding that the region operates primarily as a carbon sink in May–June. Our calculations were
strongly influenced by 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 dynamic,
understudied coastal waters that play a key role in the global carbon system.

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., 2009). The chemical composition of seawater is affected by the
dissolution of CO2, driving ocean acidification (OA) and altering the marine carbonate system, with lasting
impacts that ripple across ecosystems, food webs, and global climate processes (Barker & Ridgwell, 2012;
Caldeira & Wickett, 2003; Feely et al., 2004; Wolff, 2007). As atmospheric CO2 continues to rise, the ocean's
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capacity to buffer global climate change diminishes (Tans, 2009). Models now project a buffer capacity decline
by up to 34% by 2,100, likely accelerating OA and related biogeochemical perturbations (Jiang et al., 2014).
Inorganic carbon (the marine carbonate system) has been deemed an essential ocean variable by the Global Ocean
Observing System; a nod 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 data sets for
global climate models quantifying air–sea CO2 exchange and ocean carbon budgets (Khatiwala et al., 2013;
McKinley et al., 2016; Schuster 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; Regnier et al., 2013; Roobaert et al., 2019). Coastal areas exhibit high variability
due to complex physical, biogeochemical, and anthropogenic influences, complicating efforts to scale localized
observations to the global level. 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 such as OA and eutrophication (Duarte et al., 2013; Gattuso et al., 1999; 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. The
study region for this work is the Celtic Sea (Figure 1), which is a seasonally stratified, productive northwest
European shelf sea where spring blooms, benthic–pelagic coupling, and strong mixing drive highly variable
carbonate dynamics and air–sea CO2 exchange (Cai, 2011; Chen et al., 2013; Frankignoulle & Borges, 2001;
Humphreys et al., 2019). Despite its ecological and economic importance, carbonate system observations in the
Celtic Sea remain sparse and fragmented, historically relying on discrete cruise sampling, surface underway
measurements, or predictive products (Borges & Frankignoulle, 2003; Hartman et al., 2014; Humphreys
et al., 2019; Marrec et al., 2015).

Autonomous observing platforms have expanded high‐resolution observations of key physical and biogeo-
chemical 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 un-
derway. For example, Saildrones and Wave Glider USVs have been equipped with the partial pressure of CO2
(pCO2) systems (USVpCO2), enabling CO2 flux quantification (Sabine et al., 2020; Sutton & Sabine, 2023).
Sensors for pH and pCO2 have been integrated on gliders (e.g.., Hauri et al., 2024; Saba et al., 2019) including
Lab‐On‐Chip (LOC) pH sensor for quantification of sea‐atmosphere CO2 fluxes in the North Sea and carbonate
system dynamics by the Dotson Ice Shelf (Pickup et al., 2025; Possenti et al., 2021). More recently, LOC sensor
prototypes measuring total alkalinity (TA) and pH enabled complete carbonate system characterization from a
Long Range AUV (Hammermeister et al., 2025), marking the first time this was achieved using direct autono-
mous observations. Compared to ship‐based surveys, autonomous platforms can sustain high‐frequency mea-
surements over extended time frames and across large spatial domains, improving ocean observation coverage
while reducing reliance on ship time and associated operational costs.

The marine carbonate system is defined by four key variables: dissolved inorganic carbon, 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 (Millero, 1995, 2007;
Park, 1969). 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 & Sabine, 2023). Currently, carbonate system char-
acterization 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
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exhibits a strong linear relationship with salinity in the surface waters of the open ocean, allowing the devel-
opment of salinity‐based algorithms to predict TA where direct measurements are unavailable (Cai et al., 2010;
Lee et al., 2006; Millero et al., 1998; Takahashi et al., 2014). The global coverage of the BGC Argo network has
helped refine and validate more advanced models that incorporate temperature, oxygen, and other biogeo-
chemical 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 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 1,000 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 and
physical processes (e.g., primary production/respiration, calcification/dissolution, air–sea CO2 exchange, and
mixing/freshwater inputs) can decouple carbonate system parameters and render model‐based reference values
less accurate. Consequently, monitoring pH sensor performance on autonomous platforms in coastal areas re-
mains 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

Figure 1. Long‐Distance Proving Trial study site located Southeast off the coast of England in the Celtic Sea and continental
margin. (a) Map of the entire deployment track of the Autosub Long Range (ALR) departing from and returning to Plymouth,
UK. The green shaded area represents the DY149 ship‐supported ALR transect 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.
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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 toward
improving the reliability and scientific value of carbonate system observations in previously under‐sampled,
highly dynamic coastal regions.

2. Materials and Methods
2.1. The Autosub Long‐Range Autonomous Underwater Vehicle

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 1,500 m (ALR‐1500) or 6,000 m (ALR‐6000)
(Roper et al., 2021). For a typical mission, they are programmed prior to launch with way points and a vertical
sampling strategy (e.g., repeated profiles or depth‐holds). Once deployed, the vehicle transits between way points
while executing the planned dive pattern and sampling with its navigation and science payload. At the surface, the
ALR GPS fixes which are communicated with the operators, and underwater it navigates primarily using Doppler
Velocity Log (DVL)‐aided dead reckoning, achieving accuracy <1% of distance traveled relative to distance
traveled when within range of the seabed. Surface communication is achieved via Wi‐Fi and acoustic links when
available, with Iridium Short Burst Data (SBD®) as the primary channel for remote operations. When at the
surface, operators receive information on vehicle health and mission progress and can modify the mission plan or
sampling behavior. ALR AUVs use a “flight” configuration where large airfoil wings provide downward force
and aft control surfaces regulate pitch and heading, enabling typical dive rates of 0.1–0.3 m s− 1 at pitch angles of
10–30°. High energy‐density lithium primary cells or lithium‐ion secondary cells, combined with modest travel
speeds, passive buoyancy control, and optimized power consumption of all onboard systems provide long
endurance capabilities. ALR‐4 (an ALR‐1500) was used in this deployment and is hereafter referred to as
the ALR.

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 southwest direction from Plymouth's coastal waters
(50°18′N, 4°8′W), past the continental shelf into open ocean (Atlantic, 48°6′N, 9°39′W) and back (Figure 1a).
The deployment consisted of dives lasting roughly 4–24 hr; after each dive the ALR telemetered back decimated
data and received piloting instructions for the next dive. Over the course of the deployment, the ALR covered
approximately 2,000 km across 54 programmed missions, collecting more than 800 hr of continuous observa-
tions. 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 1b) and tested its ability to follow mission instruction dependent on sampling needs (Phillips et al., 2023).

2.2.1. 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 with a pumped CTD (SBE 52‐MP) sensor, which for this mission, was equipped with an
auxiliary SBE 43F dissolved oxygen (DO) polarographic membrane sensor. The CTD‐DO operated at a fre-
quency ( f ) of 1 Hz (1 measurement per second) and provided measurements of in situ temperature (T ), salinity
(S), pressure (P), and DO concentration. The forward bay of the ALR was fitted with an Lab‐On‐Chip pH (LOC;
NOC) sensor, and a Deep SeaFET V2 (SeaFET; SeaBird Scientific) electrochemical pH sensor (Figure 2 and
Table 1).

The LOC pH sensor determines pH on the total proton scale (pHT) photometrically using purified meta‐Cresol
Purple as the indicator dye. It achieves a precision of 0.001 pH units associated with a 0.003 ± 0.022 accu-
racy relative to validation seawater samples and a combined standard measurement uncertainty of ±0.010 pH
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units (Yin et al., 2021). The SeaFET uses a solid‐state ion‐sensitive field‐effect transistor (ISFET) sensor and
external chloride reference electrode to determine pHT by detecting hydrogen ion concentration in seawater
(based on Honeywell's Durafet ISFET technology; Johnson et al., 2016; Martz et al., 2010). The Deep SeaFET
model uses only one reference electrode (external), unlike the Shallow SeaFET model, whose additional internal
reference electrode with liquid junctions are not practical over the large pressure changes seen in this deployment
(Bresnahan et al., 2014; Johnson et al., 2016; Scientific, 2019). The SeaFET sensor has a reported pH precision of
±0.02 pH units, which is therefore used here as an estimate of the SeaFET pH measurement uncertainty (Gonski
et al., 2018; McLaughlin et al., 2017). A summary of the two pH sensors used in this deployment can be found in
Table 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 centerline of the vehicle (Figure 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 centerline (Figure 2), which experienced no clogging or bio‐
fouling during the deployment. All sensors operated continuously (Table 1) throughout the ALR's deployment
until its recovery. Although the ALR surfaced frequently for data transfer and navigation updates, sensor water
intakes remained submerged approximately 400 mm below the sea surface (Figure 2).

Table 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 6,000 m

SeaFET
Sea‐Bird Scientific
(Seattle, WA, US)

Electrochemical,
ISFET

0.02 pH 1 measurement/min 2,000 m

Figure 2. Schematic of Autosub Long Range (ALR) 1,500 (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.
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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 andmanufacturer's instruction (AN‐99 (Sea Bird Scientific, 2023)) for the SeaFET pH sensor. More details
on the calculations and calibrations of each sensor are provided in the (e.g., Table S1 in Supporting Informa-
tion S1). The mixed layer depth (MLD) was determined using the threshold method with criterion Δσθ = 0.125 kg
m− 3 where σθ represents potential density (de Boyer Montégut et al., 2004; Levitus, 1982; Monterey &
Levitus, 1997).

2.3.1. Correction of pHSeaFET Data

Although SeaFET sensors have demonstrated good measurement stability over time relative to other electro-
chemical 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 in-
dependent of changes in detector sensitivity and light source intensity (Müller & Rehder, 2018; Mosley
et al., 2004; V. M. C. Rérolle et al., 2012; V. Rérolle et al., 2016). The SeaFET sensor measures in situ pHT
(pHSeaFET) by detecting the voltage difference between the ISFET and the external solid‐state Ag/AgCl 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; A. Dickson et al., 2007; Sea Bird
Scientific, 2023). This measured potential is then transformed into pH on the total scale through calibration
coefficients.

Despite careful calibration practices in the laboratory before deployment, k0 can shift under in situ conditions.
These shifts arise from the temperature dependence of the electrode slope and from intrinsic ISFET response
characteristics that deviate from ideal Nernstian behavior, including temperature‐dependent changes in gate‐
surface equilibria and external reference electrode potential (Bresnahan et al., 2014; Johnson et al., 2016,
2017; Miller et al., 2018). 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 (Johnson et al., 2016; Wimart‐Rousseau et al., 2024). We note, however, that this approach is less
robust than the full multi‐point calibration procedure demonstrated by Miller et al. (2018), which uses several
discrete samples to characterize sensor slope, temperature response, and reference‐electrode behavior. Because
no discrete bottle samples were collected prior to or during deployment, we were unable to apply the Miller et al.
multipoint correction, and our interpretation reflects the limitations of a single point k0 adjustment. Additionally,
no discrete spectrophotometric pH samples, or concurrent ship‐based carbonate measurements were collected
along the LDPT track. Therefore, we cannot independently quantify absolute pH accuracy in situ during LDPT.
Instead, we evaluate internal consistency between two sensors based on different measurement principles and
treat model estimates and historical regional data sets (e.g., DY149) as contextual comparators rather than
ground‐truth validation.

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
1,500 dbar for Argo floats) pH anomaly. This approach was used in this study to correct the pHSeaFET observations
using a reference depth of 500 m adapted to account for the shallower ALR mission. As with the Argo float pH
corrections, one 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. The 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).
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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.

Additionally, Dias and Carter (2025) recently showed that ESPER‐NN reproduces the GLODAPv2.2022 data
product with a mean pH standard deviation of − 4.59 × 10− 3, indicating that this reference can be comparable to
discrete pH measurements. Similarly, Lauvset et al. (2024) reported strong correlation between neural network
pH outputs and GLODAP data in some regions. Building on these results, ESPER‐NN was used here as a
correction reference to evaluate how model‐derived estimates perform in this coastal setting. Estimates computed
using both ESPER products relied on inputs T, S, DO, and depth (Carter et al., 2021), together with GPS co-
ordinates measured by the CTD‐DO and ALR systems, with the estimation date set to 2022. In this work, pHref is
used as an independent reference for anomaly‐based drift correction and is not intended to represent the unknown
“true” pH. We correct the SeaFET pH time series because established SeaFET correction methods are available
(Maurer et al., 2021). For comparison, we evaluate the use of two different pHref for the pHSeaFET adjustments.
Since the LOC pH sensor measurements (pHLOC) were direct in situ observations with spatiotemporal crossovers
occurring every ∼60th SeaFET measurement, it was used as another pHref . Additionally, the LOC photometric
measurements are comparatively drift‐resistant and expected to provide a more stable reference. By correcting the
high frequency pHSeaFET measurements to the less frequent stable pHLOC measurements, we maximize the
strengths of each sensor, resulting in a high‐resolution data set with improved reliability. 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 deter-
mined by a cost function (Killick et al., 2012). The MATLAB function ischange, 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 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 5). Since the k0 adjustment using pHLOC was derived from observation‐based pHT with less mea-
surements 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 the
metric that may drift 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‐normalized 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 TCOR therefore normalizes the applied adjustment to a constant deep reference temperature,
ensuring that the correction reflects instrumental drift rather than thermally driven pH variability. 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. Figure 5 in Section 3.1.2 illustrates the pH anomalies, identified breakpoints, and the segmented
correction rates applied to the deployment time series.

2.3.2. Comparison of pHT Data

The differences between pHT values (ΔpHT) 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
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combined variances using Equation 1 and based on the documented uncertainties of the sensors and estimate
routine outputs (JCGM et al., 2008).

u2c(y) = ∑
N

i=1
u2i (y) (1)

2.4. Carbonate System and Flux Calculations

2.4.1. 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 TA (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., 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 concentration
and GPS coordinates measured by the CTD‐DO and ALR systems, with the estimate date set to 2022 (Table 2).

2.4.2. Calculation of pCO2 (pH, TA)

The speciation of the carbonate system was characterized using the MATLAB (version v3.1.1) CO2SYS package
(Lewis & Wallace, 1998; Orr et al., 2018; Sharp et al., 2023a; van Heuven et al., 2011) 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 (A. Dickson et al., 2007), CO2SYS computations used the disso-
ciation constants of carbonic acid (K1 and K2) from (Lueker et al., 2000), KSO4 from (A. G. Dickson, 1990), KF
from (Perez & 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 2).

The combined standard uncertainty of the resulting calculated pCO2 from Table 1 was determined by error
propagation using the CO2SYS function errors.m (Orr et al., 2018; Sharp et al., 2023b). The routine's default
errors for dissociation constant inputs were used alongside individual parameter uncertainties (S, T, pH1–3, TA1–4)
from table S2 in Supporting Information S1.

2.4.3. CO2 Flux Calculations

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

CO2 flux = kw × K0 × ΔpCO2 (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 ΔpCO2 = pCO2,ocean—pCO2,atm is the air‐sea difference in
partial pressure of CO2(μatm). As described in Section 2.4.2, xCO2 (the mole fraction of CO2 in dry air 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 (∼0.4 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 (A. Dickson et al., 2007) using the following:

pCO2,ocean = (Patm − PH20) × xCO2 (3)

where Patm = ambient atmospheric pressure (atm) and PH20 = vapor 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, and was
converted to pCO2,atm (μatm) according to Equation 4:
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pCO2,atm = [(PT − (
RH
100

) × PH20)] × [xCO2] (4)

where PT = total atmospheric pressure (in atm), RH = relative air humidity (percent), and PH20 = vapor pressure
of water at ambient temperature (A. Dickson et al., 2007). The PPAO data set had a 15‐min resolution which was
linearly interpolated to match the 1‐min resolution pCO2,ocean obtained by the sensors onboard the ALR (Figure
S1 in Supporting Information S1). The solubility k0 was computed using the T and S dependent formulation by
(Weiss, 1974). The gas transfer velocity kw was parameterized following (Wanninkhof, 2014), which is
defined as:

kw = 0.251 × (U10)
2 × (

Sc
660

)

− 0.5

(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‐min resolution (Figure S2 in Supporting Information S1) 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 (6)

Finally, the uncertainty of air‐sea CO2 fluxes (denoted as u(CO2 flux)) was determined using first principles of
error propagation of parameterized models that contain products or quotients of two or more parameters from
Ellison and Williams (2012):

u(CO2 flux) = CO2 flux

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(
ukw

kw
)

2

+ (
uK0

K0
)

2

+ (
uΔpCO2

ΔpCO2
)

2
√

(7)

Table 2
Input Combinations of pH and Total Alkalinity 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

aTA = 45.30(S) + 733.00; Location range: 40°N–55°N, 60°W–10°E.
bTA = 2305 + 53.97(S − 35) + 2.74(S − 35)2 − 1.16(T − 20) − 0.040(T − 20)2, Location range: Mid Atlantic Drift,
30°N–80°N.
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where ukw
is 20% (Wanninkhof, 2014), uK0

is 0.20% (Ford et al., 2024; Weiss, 1974), and uΔpCO2
is equal to the

propagated uncertainty of pCO2 calculations from the surface (Table S3‐a and S3‐b in Supporting Informa-
tion S1). Although ΔpCO2 = pCO2,ocean—pCO2,atm, for the purpose of this work, the uncertainty associated with
ΔpCO2 is represented only by u(pCO2,ocean) because of the negligible contributions of u(pCO2,atm).

3. Results
3.1. Autonomous Data Collection

Following the 5‐week autonomous deployment, the ALR was recovered in mid‐June near the Plymouth break-
water. While operating offshore, the ALR reached depths of up to 1,000 m, but the majority of measurements
were obtained within the upper 100 m of the water column in coastal waters.

3.1.1. Biogeochemical Water Properties

Figure 3 shows the temporal and spatial trends in T, S, and DO concentration across the deployment. The full
range of T (9.1–16.5°C), S (33.2–35.9 psu), and DO concentration (174–317 μmol kg− 1) is seen in Figures 3a, 3d
and 3g. 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 concentration in the water column over time is presented in Figures 3b, 3e and 3h,
revealing theMLD varying between 4 and 52 m over the 5‐week mission. Surface conditions (top 20 m), shown in
Figures 3c, 3f and 3i indicate a steady increase of T and decrease of DO concentration 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 (Figures 3d–3f).

3.1.2. 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 = 50,042), with generally good agreement between the two sensors (Figure 4a). The
mean uncorrected pH difference between the two sensors (ΔpHT–uncorrected) was 0.013 ± 0.009 pH units (1σ,
n = 858) with 87% of ΔpHT–uncorrected falling within the combined measurement uncertainty (of ±0.022 pH units)
(Figure 4b). The pHSeaFET required approximately 10 days to stabilize, exhibiting reduced drift and improved
consistency with pHLOC measurements (Figures 4a and 4b). This behavior, known as “electrode conditioning”, is
a well‐documented characteristic of ISFET technology (Bresnahan et al., 2014; Martz et al., 2010).

After correcting pHSeaFET with the k0 adjustment using pHLOC as the reference pH (see Section 2.3.1 above and
Figure 5 below), all pHT measurements from both pH sensors ranged from 7.911 to 8.200 (average ±1σ = 0.038
± 0.038, n = 50,042). As expected, the two sensors showed near‐perfect agreement, with the SeaFET's electrode
conditioning period effectively removed (Figure 4c). The average ΔpHT–corrected approached zero and the standard
deviation was improved (1σ = 0.007), with 98% of ΔpHT–corrected values falling within the combined measurement
uncertainty (±0.022 pH units) of the sensors (Figure 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 Figure S3 in Supporting Information S1.

Figure 5 illustrates the adjustment process by exhibiting the pH anomaly changes (ΔpHT) throughout each data
set (n sample) comparing pHSeaFET values against pHLOC measurements (Figure 5a) and pHNN outputs
(Figure 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 unrealistic breakpoint
nodes. A threshold of 0.00500 was used for the pHLOC data set that yielded two clear breakpoints and three
segmented correction rates to be applied (Figure 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 5b).
Threshold values are regarded in pH units. The pHLOC‐based k0 adjustment was derived from n = 858 obser-
vational pHT values, while the pHNN‐based k0 adjustment used n = 49,184 neural network pHT estimates that
were aligned pHSeaFET timestamps (n = 49,184).
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Results from this section provide strong evidence that pHk0− LOC quantifiably represents the most reliable pH
determination and correction with the least associated uncertainty, and will henceforth be regarded as such. This
choice does not remove the limitation that absolute pH accuracy could not be independently verified without
coincident discrete samples. 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 data set for scientific
interpretations.

3.2. pCO2 Data

Using various combinations of three different pHT data sets and four different derived TA data sets, oceanic pCO2
values were calculated during the LDPT, and ranged from 263 to 598 μatm (n = 590,208, all combinations) with
average propagated uncertainty ranging ±23.4–30.4 μatm between combinations (Table S3‐b in Supporting
Information S1). Figure 6 shows the distribution of pCO2 generated by each data set combination. The pCO2
results highlight a noticeable pH input dependency, the extent of which is further supported by the matrix analysis
later in this section. 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.

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 = 196,736) across the deployment. In
comparison, pCO2 calculated using pHk0− LOC (pH2) yielded a lower mean value of 399 ± 39 μatm, while cal-
culations using pHk0− NN (pH3) produced a higher average of 438 ± 38 μatm and showed a greater number of
outlying values (Figure 6). We assessed the reliability of our seawater pCO2 calculations by comparing them to
available observational data sets. Within the study region, GLODAP data (1981–2019; upper 1,000 m) give a
mean pCO2 of 378.3 μatm (Olsen et al., 2016, 2017). Available SOCAT data overlapping our record (one day)

Figure 3. Autonomous high‐resolution observations of temperature (°C), salinity (psu), and dissolved oxygen (DO) (μmol
kg− 1) collected by sensors onboard the Autosub Long Range during the 5‐week Long‐Distance Proving Trial deployment
(May–June 2022). Panels (a), (d), and (g) show full‐depth profiles (to ∼1,000 m) for temperature, salinity, and DO
(represented by color), 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 deployment.
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Figure 5. Correction of pHSeaFET values with k0 adjustment method using (a) pHLOC and (b) pHNN as the pHref. The plots
represent the pH difference (ΔpHT 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
applied between each breakpoint. The local calibration method (a) shows tighter agreement and lower variance compared to the
neural network adjustment (b).

Figure 4. Time series comparison of pH measurements and offsets between SeaFET pH sensor and LOC pH sensor before
and after k0 adjustment (see Section 2.3.1). (a) In situ uncorrected pHT data from the SeaFET sensor (yellow) and pHLOC
measurements (blue diamonds) shown alongside the transiting depth of the Autosub Long Range (black line). (b) Uncorrected
pH difference (ΔpHT–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 diamonds).
(d) (ΔpHT–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 ±0.022 pH units, representing combined sensor uncertainty uc. The k0‐correction
construction is shown in Figure 5.
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show mean fCO2 of 393.3 ± 4.1 μatm, consistent with our estimates, and broader SOCAT coverage (2019–2023)
shows a similar regional pattern, further supporting the validity of our approach (Bakker et al., 2025).

When plotted against time (Figure 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, reveals 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 7). These offsets, while systematic, also appear to
diverge slightly at certain timescales, suggesting both sensor‐specific differences and variable sensitivity to
environmental conditions.

A matrix analysis compared the mean pCO2 differences across various input combinations, revealed that TA has
an overall contribution the derived pCO2 rather marginal relative to the dominant impact of pH input. 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 S5 in Supporting Information S1).

Figure 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 Figures 8a–8d, and a
magnified (top 100 m) view of pHk0− LOC and pCO2 is seen in Figures 8b and 8e. Throughout the water column, as
depth increases pHT decreases and pCO2 increases. Surface values (top 20m), shown in Figures 8c and 8f for both
parameters are variable but indicate a slight decrease in pHT and increase pCO2 over time. Notably, there is a drop

Figure 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 2). Boxplots show pCO2 distributions grouped by pH input (1) uncorrected 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 indicates 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.
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Figure 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 parameter. The Autosub Long
Range transect depth (black, right y‐axis) is overlaid.

Figure 8. Autonomous high‐resolution observations of pHT and pCO2 (μatm) during the 5‐week Long‐Distance Proving Trial
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 ∼1,000 m) of pHT and pCO2 respectively (represented by color), 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.
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in surface pHT and peak in surface pCO2 around 24 May 2022, which coincides with the deepest MLD, when the
ALR is furthest from shore and crossing continental shelf break (Figures 1 and 8).

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 combinations. During the LDPT, CO2 fluxes ranged from − 17.0 to 7.1 ± 1.1 mmol m− 2 d− 1

median uncertainty (n = 43,152, all combinations), depending on pHT and TA data sets used (Table S3‐b in
Supporting Information S1). 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 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 data set used. When using pH1

(SeaFET), the mean flux was − 3.5 mmol m− 2 d− 1 (1σ = 3.6, n = 3,596). 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.

Figure 9. Comparison of calculated CO2 flux (mmol m− 2 d− 1, y‐axis) using different input pH and total alkalinity (TA)
combinations. Boxplots show CO2 flux distributions grouped by pH input (1) uncorrected 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; defined in Table 2) inputs were paired with
corresponding pH inputs to assess sensitivity. The central line in each box indicates the median value of the distribution, boxes
represent inter‐quartile ranges, whiskers extend to data within 1.5 times the inter‐quartile range, and red crosses indicate
outliers. All flux calculations were done using only measurements fromwhen the Autosub Long Range was at the surface (water
intake 0.4 m below the waterline).
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When the different flux estimates (grouped by pH input as defined in Figure 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 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 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 07–14, fluxes derived from pHSeaFET and pHk0− LOC
exhibit different responses to wind variability compared to those based on pHk0− NN, including a marked diver-
gence in flux direction, underscoring the sensitivity of flux calculations to both sensor corrections and external
forcing.

Given the high variability and wide range of values in the flux data, the performed matrix analysis compared the
median fluxes from each input combination, thereby mitigating the influence of extreme values on the overall
interpretation (Figure 10, Figure S6 in Supporting Information S1). When pH is held constant across different TA
inputs, median flux differences within approximately 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 S6 in Supporting
Information S1). This difference represents approximately 25% of the average flux magnitude, which could
meaningfully alter seasonal or annual budget estimates and interpretations 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.

4. Discussion
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 systemwith built‐in quality control. This represents a key step toward increasing availability
of comprehensive carbonate measurements of coastal regions, building on and complementing ongoing moni-
toring efforts. While remote human oversight is still needed for mission programming and ALR position

Figure 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, emboldened 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 Autosub Long Range was at the surface (water intake 0.4 m below the waterline). Wind speed in
m s− 1 (gray line, right y‐axis) is overlaid.
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monitoring, this approach also substantially reduces the carbon footprint and operational costs compared to
traditional ship‐based surveys (Phillips et al., 2023).

Over the 5‐week deployment, continuous high‐resolution profiles and transects of temperature, salinity, DO, 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 concentration declined steadily as temperature increased, suggesting biological
consumption likely linked to the waning spring bloom (Figure 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 (Figures 3d, 3e and 3f). Added temporal resolution is
especially important when placed in the context of traditional ship‐based surveys. Between 19 and 30March 2022
(two months prior to the LDPT deployment), the ALR6000 and CTD sampling surveyed the same transect
(Figure 1) on the Celtic shelf margin supported by the Royal Research Ship, RRS Discovery, during expedition
DY149.

Within the upper 40 m of the water column, TA values from the 2022 LDPT deployment closely align with those
from the 2022 DY149 deployment, with all TA estimates falling with the DY149 range of 2,325–2,345 μmol kg− 1

(Hammermeister et al., 2025). This agreement reinforces the conservative behavior of TA in this region (Hartman
et al., 2014) and supports the use of the chosen TA parameterizations for this work. 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, which is a period typically characterized by
increasing primary production, stratification, and warming. Each of which are factors that contribute to elevated
pH and decreased pCO2 that we see in Figure 8. The LDPT pH and pCO2 observations are consistent with prior
studies from the Celtic margin (Hartman et al., 2014; Joint et al., 2001; Kitidis et al., 2012; Seguro et al., 2019),
indicating that the LDPT (May 2022) values reflect expected natural seasonal shifts rather than sensor bias or
error when compared to the DY149 (March 2022) values.

Beyond seasonal trajectories, diel signals could also be resolved from our data set. Figure 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. We focus on the upper 100 m here to
capture the bulk of the measurements made during the deployment and target the photic upper ocean where
diel biogeochemical signals are commonly expressed. During the day, DO concentration and pHT peak, while
pCO2 drops, indicating biological control though photosynthesis and respiration, supported by previous re-
ports during the Celtic Sea spring bloom (Seguro et al., 2019). The error bars in Figure 11 represent one
standard deviation of each mean, revealing the wide variability among all three parameters. This is an un-
surprising 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.

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 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 bio-
logical and physical processes that drive coastal carbonate variability.
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4.2. Dual pH Sensors for Coastal Monitoring

The co‐deployment of two distinct pH sensors (LOC and SeaFET) onboard the ALR provided value in two
distinct ways. Prior to any correction, the independent agreement between the LOC and SeaFET sensors dem-
onstrates consistency between fundamentally different measurement principles under the same environmental
conditions. Subsequently, the Lab‐on‐Chip sensor was treated explicitly as a reference to correct SeaFET drift via
k0 adjustment, enabling a stable, high‐frequency pH record. In this latter step, the sensors are no longer inde-
pendent in order to generate a corrected, stable, high‐frequency pH time series that is anchored to accurate
photometric measurements. This deployment offered a rare opportunity to cross‐examine 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 under‐perform. Despite operating on fundamen-
tally different measurement principles, the two pH sensors showed stronger agreement with each other (pre‐
correction) than with model‐based pH estimates. An important limitation is that the LDPT deployment lacked
discrete sample validation. Therefore, while LOC–SeaFET agreement supports a stable and internally consistent
pH record and strengthens confidence in resolved spatiotemporal variability, a small absolute offset in
deployment‐wide pH cannot be fully excluded.

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 deepwater 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 behavior seen in deep open ocean waters, and the input‐output relationships captured by
neural networks and linear regressions trained on deep data sets 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. Additionally, the pH estimate routines used in this work relied heavily on
DO as a key input parameter, making their output inherently sensitive to the accuracy and calibration of the
oxygen sensor itself. The reduced skill of globally trained data‐driven models in dynamic coastal environments
reinforces the motivation for the dual‐sensor design and highlights the importance of direct in situ autonomous
measurements for constraining the coastal marine carbonate system.

4.2.1. pH Comparisons

To quantify and assess the impact of the k0 adjustment procedure, comparisons were made between sensor‐
measured pHT, corrected pHT, and model‐estimated pHT. Figure 12 represents the distribution of average
ΔpHT ± first standard deviation (1σ) for each comparison. Both before and after correction, the two onboard pH

Figure 11. Diel cycling of (a) dissolved oxygen concentration (μmol kg− 1), (b) pHT, and (c) pCO2 (μatm) in the upper 100 m
of the water column across the 5‐week Long‐Distance Proving Trial 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.
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sensors showed the best agreement and lowest variability relative to ESPER estimates (LIR and NN). Interest-
ingly, 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 vs. 1σ = 0.018/
0.017 for pHLIR and pHNN respectively) (Figure 12). The two ESPER‐derived pHT estimate data sets were nearly
identical to each other, yielding indistinguishable mean results when compared to the same pH sensor mea-
surement, 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 ΔpHT 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. Independent comparisons against
GLODAP indicate larger near‐surface discrepancies, reinforcing reduced NN skill in coastal waters (Text S3 and
Figure S4 in Supporting Information S1). Yet, our findings are consistent with previous observations of fine‐scale
pH variability in shelf and coastal waters (Carstensen & Duarte, 2019; Sutton et al., 2019). Except for regionally
trained neural networks, as demonstrated by Osborne et al. (2024), these rapid changes are poorly resolved and
captured by empirical or neural‐network approaches (e.g., Hauri et al., 2013). Similarly, sensor‐based pH
measurements from autonomous platforms (e.g.,Wimart‐Rousseau et al., 2024) demonstrate higher fidelity to
local dynamics than numerical or neural‐network models alone. These studies reinforce the need for high‐
frequency, in situ observations to complement model‐derived estimates, as reflected in our dual‐sensor Sea-
FET measurements.

Across all comparisons, ΔpHT 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 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

Figure 12. Bar chart with error bars of mean difference (± standard deviation) of pHT (ΔpHT) between different
measurement methods and/or model estimations. Grouped by colors based on comparison parameters: between the two
onboard sensors 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 comparison is shown. Error bars
represent 1 standard deviation.
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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.

4.2.2. 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) as the reference. In this context, pHref is used as an independent reference for anomaly‐based k0 corrections
rather than an assumed “true” pH. pHLOC is the favorable reference given its photometric, stable measurement
with lower documented uncertainty, while pHNN provides a community‐accepted modeled estimate in the absence
of a co‐sensor. The correction method effectively addressed the initial electrode conditioning period typically
experienced by the SeaFET sensors, and brought its measurements into near‐perfect alignment with the corre-
sponding 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 applied to monitoring marine
carbon in the coastal ocean when adapted to a co‐sensor whose performance is more reliable than model output in
such a setting. In the standard BGC‐Argo implementation, model‐derived pH serves as the only available k0
reference, and is evaluated at depth where environmental variability is lower and model performance is more
reliable (Maurer et al., 2021). This approach is less appropriate for shallow coastal deployments where model‐
derived pH may be less reliable (Figure S3, S4 and Text S3 in Supporting Information S1). Using the co‐
deployed LOC pH sensor as the k0 adjustment reference offers a practical, traceable, and robust correction
strategy for pH observation, and represents the type of advancements the carbon community is actively seeking
for autonomous coastal deployments.

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” for the more frequent, lower‐
power measurements from the SeaFET. Beyond improving individual measurements, the k0 correction enabled
nearly 50,000 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 data set captures fine‐scale
spatiotemporal variability in pH, offering unprecedented opportunities to resolve the processes driving carbon-
ate dynamics on short timescales but also potentially on biologically mediated processes, given the direct links
between pH, marine carbon chemistry, and ecosystem function. For the deployment we describe here, the LOC
sensor was operated at an hourly measurement frequency which may have been excessive based on the relatively
stable performance of the SeaFET during the duration of the deployment. Although the behavior of individual
electrochemical sensors cannot easily be predicted in the long term, a much less reference measurement frequency
(i.e., once per day) could be adopted to mimic the correction frequency on profiling floats for example, to
conserve endurance. 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.

4.3. Air‐Sea CO2 Fluxes

Air‐sea CO2 flux estimates from the LDPT autonomous deployment indicate that during late spring of 2022, the
Celtic Sea acted predominately as a net sink of atmospheric CO2 into the ocean (Figure 10). These findings are
consistent with previous studies also reporting the Celtic Sea as a net sink for atmospheric CO2, which is common
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for this type of marginal sea (Laruelle et al., 2014; Mathis et al., 2024). For example, Marrec et al. (2015)
estimated seasonal air‐sea CO2 flux cycles in the Western English Channel using both observed and algorithm‐
derived pCO2 values and found that the region acts a sink for atmospheric CO2 during spring, with fluxes reaching
− 0.3 mol C m− 2 month − 1, in agreement with our findings. Using a three‐dimensional coupled biogeochemical‐
hydrodynamic model (MIRO‐CO2 & CO) implemented in the English Channel and the Southern Bight of the
North Sea, Gypens et al. (2011) reported that this area acts as a sink for atmospheric CO2 from December to June
(− 0.6 to − 3.5 ± 4.6 mmol C m− 2 d− 1), with spring fluxes ranging from − 1.2 to − 20.2 mmol C m− 2 d− 1 and
substantially stronger uptake in nearshore waters. The spike in pCO2 just before May 24 in Figures 8d–8f,
coincident with the ALR's transition off the continental shelf (Figure 1), corresponds to a period of near air‐sea
equilibrium (CO2 flux approaching zero) shown in Figure 10. This strongly corroborates the findings of Hum-
phreys 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
and 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 data sets like the
one presented here help fill this capability gap and anchor modeled 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 data sets, calculated CO2 fluxes still showed
variability. Importantly, this variability sometimes resulted in apparent disagreements in flux direction. However,
the propagated uncertainty analysis indicates that these events occur during near‐equilibrium conditions, when
ΔpCO2 overlaps its uncertainty envelope and flux direction is therefore not always statistically resolvable (Figure
S8 in Supporting Information S1).

As shown in Figure 9, flux values segregate more by pH data set 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 thermo-
dynamics. CO2 flux is computed from the gradient between surface water pCO2 and atmospheric pCO2, scaled
by wind speed–dependent transfer velocity. Flux direction is therefore treated as resolved only when
ΔpCO2 > u(ΔpCO2), otherwise direction is interpreted as ambiguous within uncertainty (Figure S8 in Supporting
Information S1). Because transfer velocity is multiplicative, even slight 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 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

approach weak outgassing of nearly 8 mmol m− 2 d− 1. However, the coincident ΔpCO2 (calculated using
pHk0− NN) time series shows that this interval is characterized by near‐equilibrium conditions, where ΔpCO2
approaches zero and overlaps with the u(ΔpCO2) value, so the sign difference should be interpreted as a period of
sign ambiguity rather than an unequivocal switch from sink to source (Figure S8 in Supporting Information S1).
Such directional sensitivity under near‐equilibrium and high wind conditions has major implications, such as
altering the interpretation of ocean–atmosphere carbon exchange during this period. This finding is fundamentally
important for interpreting both regional and global flux estimates, as it suggests that some existing flux products
may misclassify short‐term sink/source transitions, particularly in coastal and shelf environments.

An additional factor influencing CO2 flux determination is the actual depth at which “surface” carbonate pa-
rameters 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 approximately 3–5 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 (Ho & Schanze, 2020; Morgan et al., 2025). To
quantify the possible effect of this sampling‐depth mismatch, we applied a simple perturbation test to the baseline
surface data set using imposed offsets of ±0.01 and ±0.02 pH units. These perturbations shifted mean calculated
surface‐water pCO2 by − 19.0 to +19.9 μatm and mean air‐sea CO2 flux by − 1.0 to +1.1 (max values − 4.6 to
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+4.8) mmol m− 2 d− 1 relative to baseline, (See Table S4 and Figure S9 in Supporting Information S1). Although
this test is illustrative rather than a direct reconstruction of the true vertical gradient during LDPT, it demonstrates
that differences of only a few meters in sampling depth may introduce systematic offsets when comparing
autonomous and ship‐based CO2 flux products, and challenges assumptions used in current global climatologies.
This underscores the need for carbonate measurements as close to the air–sea interface as possible, because flux
uncertainty depends not only on sensor precision, but on whether the sampled water represents the surface layer
driving gas exchange.

Therefore, in autonomous deployments, where real‐time corrections and discrete validation may be absent,
sampling, selection, and correction of pH input becomes paramount. Conservative interpretation of flux results,
particularly during high wind intervals, should account for these interactions. As Figure 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 winds. If ERA5 underestimates high wind events, then
kw (and therefore CO2 flux) is biased low, dampening the magnitude of exchange. While this does not change the
sign of ΔpCO2, the added uncertainty u(kw) may mask flux amplitude, and mischaracterize air‐sea carbon ex-
change 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 pro-
cesses that ship‐based surveys and coarse models cannot resolve.

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 carbonate systemmonitoring. The deployment achieved the longest autonomous
pH acquisition to date by the ALR and generated nearly 50,000 reliable pH observations, providing one of the
most detailed coastal carbonate data sets 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. Future work could pair these high‐resolution observations with
satellite chlorophyll and regional hydrography to contextualize bloom timing and water‐mass variability, and
extend the air–sea exchange analysis by comparing CO2 and O2 fluxes and refining regional T–S relationships.

Altogether, 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 OA, carbon
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cycling, and air‐sea exchange, and providing essential data to support climate modeling that contribute to sci-
entific policy making and mitigation efforts.
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