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ABSTRACT: The development of marine autonomous platforms ‘

has }mproved our c?apability to gather ocean o.bservations at fine N .73;: :-.Vv = CO2(am)
spatial scales and high temporal frequency, which can be used t0 \GomlitaN—

better measure, characterize, and model ocean carbon. As part of | :
the OCEANIDS program, novel carbonate sensors were integrated
into the Autosub Long-Range (ALR) autonomous underwater = — =
vehicle (AUV) and depigoyed gin the Celtic Sea. Autonomous Lab- | = & [H:0 i CO: (aq), —H:CO, 3 HCO; 5 COF |
On-Chip (LOC) sensors measured pH and total alkalinity (TA) @7‘ > pCo; (aq) TA (s ions)
while onboard the ALR. Using interpolation, the ALR-sensor data ’
set is compared against CTD co-samples. The average differences
between the LOC sensor and co-sample pH range from —0.011 to
—0.015. The TA sensor data agrees with co-samples within 1-2
umol kg™! on average. Biogeochemical water properties differing
between CTD and ALR observations reveal correlations to carbonate parameter variations. The LOC sensors enabled the
characterization 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 CO, (pCO,), and aragonite saturation state (£2,,)
and are compared with CTD co-samples with mean residuals of 4—7 pmol kg™', 10—17 patm, and —0.03 to —0.06, respectively.
Future perspectives on sensor deployment and analysis are discussed.
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B INTRODUCTION Ocean acidification and the changing ocean carbonate system
affect the basis of the marine food web and marine
biogeochemical cycles. It is not only a threat to marine health,
total atmospheric CO, concentration has increased by over 50%, but t'o h]%man prosperity by thr.e atening food and. economic
-1 security. = Over 40% of the growing human population lives in
coastal regions, making our dependence on the ocean’s
resources ever—increasing.11
Reflecting the urgency and importance of understanding the

It has long been established that carbon dioxide (CO,) levels in
the atmosphere are rising. Since the start of the industrial era,

with current anthropogenlc emissions surpassing 11 Gt C yr
The ocean is a natural carbon sink that, in the past decade, has
absorbed 2.9 + 0.4 Gt C yr!, equal to 26% of total

anthropogenic CO, emissions."”” As atmospheric CO, dissolves changes to the ocean carbon system, the Global Ocean
into the ocean, it reacts with seawater to form carbonic acid, Observing System (GOOS) has deemed inorganic carbon
which dissociates into bicarbonate (HCO;”), carbonate (ocean carbonate system) as an essential ocean variable (EOV)
(CO5*), and hydrogen (H') ions.” The net addition of H* to measure. Ocean carbon observations are essential for
acidifies the seawater (lowers the pH) in a process known as assessments of the ocean carbon budget and quantification of

ocean acidification,” and changes the speciation within the

carbonate system.5’6 While atmospheric CO, continues to rise Received: September 25, 2024
and the ocean continues to take up more CO,, the ocean’s Revised:  March 20, 2025
capacity to absorb surplus anthropogenic CO,, or buffer global Accepted: March 20, 2025
climate change, has decreased.” In fact, recent models suggest Published: April 1, 2025

the ocean’s buffer capacity could decrease as much as 34% by

2100, likely accelerating ocean acidification.”
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fluxes which, through the ocean carbon value chain, are used to
inform policymakers and stakeholders on managing emissions
and climate change mitigation strategies.'” However, the quality
of these assessments is 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 observa-
tions'>'* 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."
Ship-based observations often fail to capture interannual
variability and 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 decarbonize 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 current observational needs. Even so, the lack of
autonomous sensors for direct characterization of the ocean
carbonate system remains the limiting factor to wide-scale and
high-resolution ocean carbon observations.

To quantify and characterize the marine carbonate system,
there are four measurable key variables to consider: Dissolved
Inorganic Carbon (DIC), Total Alkalinity (TA), pH, and partial
pressure of CO, (pCOZ).16 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.'”
Currently, only sensors measuring pH and pCO, are available
commercially and are 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 character-
ization of the carbonate system.'®'® In the absence of
commercial, integrable sensors capable of directly measuring
TA or DIC in situ, characterizations 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.”””' Although this approach provides a good
alternative to direct observations, its applicability and reliability
vary.

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 pCO, (ASVCO,)
systems,”””” and proved to be a valuable tool for CO, flux
quantification, especially in hard-to-reach environments. Addi-
tionally, the first-ever integration of a Lab-On-Chip (LOC) pH
sensor onto a glider, by Possenti et al,** provided valuable
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insights into biogeochemical interactions and processes in the
North Sea. Similar to BGC-Argo floats, Possenti was able to
derive carbonate variables by using autonomous pH data paired
with salinity-derived TA estimations. Despite these advance-
ments, autonomous instrumentation falls short of fully matching
the 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 characterization 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 the quality of observations and ability to constrain the
carbonate system—relative to the traditional ship-based

approach.

B METHODS

Study Site. The study site was located in the Celtic Sea,
between the Celtic Shelf and Deep Celtic Basin in ocean waters
ranging from 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.

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 optimized
power consumption of onboard systems.”> A propeller,
magnetically coupled to an electric motor and gearbox enables
speeds between 0.45 and 0.8 m s~ 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~ are achieved with a downward pitch of 10—30°.
The ALR navigates using Doppler Velocity Log (DVL) aided
dead reckoning, achieving navigational accuracy <1% of the
distance traveled when in range of the seabed.”” 0

For this deployment, the ALR was fitted with three additional
major sensor suites: carbonate chemistry LOC sensors (pH, TA,
and DIC), nutrient LOC sensors (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>”~’; however, the maximum depth rating
for this deployment was reduced from 6000 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 a range of 550 km
at a speed of 0.6 m s™".

In this work, we focus on the CTD, DO, pH, TA, and DIC
sensors and their capability within the autonomous system to
characterize the ocean carbonate system. The pH LOC sensor

https://doi.org/10.1021/acs.est.4c10139
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determines pH on the total proton scale (pHy) 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.”’ The pH LOC sensor has been
widely demonstrated in remote operated vehicles (ROVs),
seabed landings, and glidersm’?’of32 and is now commercially
available (https://www.clearwatersensors.com/). The TALOC
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 (HCI) titrant.*® The TA sensor has a precision
and accuracy better than 5 pumol kg™',*® and the TA
measurement uncertainty is estimated to be +7 umol kg™' in
this deployment. Full details of the calibration and validation
procedures of the pH and TA LOC sensors are outlined in
previous studies.””””® While the temperature and optical
calibrations of these sensors are performed once postmanu-
facturing, validation is typically performed with standardized
(e.g, ‘tris’ buffer, validation co-samples””) or certified materials
pre-deployment, during deployment with onboard materials,
and postdeployment (TA sensor only).

The DIC LOC sensor is based on the conductometric method
in Hall and Aller,** which involves extraction of DIC as CO,
from a seawater sample by acidification with 10% phosphoric
acid, CO, 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 CO, to CO;*~.*> The calibration procedure of the
conductometric DIC LOC sensor is based on that outlined in
Sayles and Eck.” The DIC sensor used for this deployment was
an early, now retired, prototype that featured an external
detector with relatively high measurement uncertainty (esti-
mated at +38 gmol kg™!).”

The carbonate sensors were integrated into the aft payload
bay of the ALR (Figure 1). The integration of the carbonate
sensors with the ALR was performed by using a communications
sensor hub.

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

DIC LOC Sensor

pH LOC Sensor
TA LOC Sensor

Figure 1. Diagram of the ALR with the carbonate LOC sensor and
sensor hub integration in the aft payload bay. Reagent bags are not
shown.
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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” that 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-through
system that pumped seawater from an intake tube outside of the
ALR’s housing.

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). During the ST missions, the ALR traveled in a
southwesterly direction across the continental shelf over a
period of S days (March 2429, 2022).

T [ 1 3
ALR Transect: "m
4 CTD Stations
51°N |- ; #
Celtic e
Sea
50°N |- )
) Shelf Transect
T
2
Saen|
Deep Transect
Renr
oN A
48°N . L s L
47°30'N
= V & ;
47°N 1
100 km . 31 HERE, Gamin, USGS. NGA
}—_‘—‘ Atlantic Ocean 10°40'W
50 mi | | | ! Exi HERE, Garmin, FAO, NOAR, USGS
10°W 8°W 6°W 4w 2°W
Longitude

Figure 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
3). The DT mission took place just off the continental shelf over
a period of 3 days (March 20—22, 2022). The ALR traveled
along three 25 km stacked transects at 20, 250, and 600 m depth
(Figure 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 1. Each LOC sensor
measurements were time-matched with the CTD-DO measure-
ments by the hub and compiled within a single data file. The in
situ S, T, and P were used to determine pH and TA as described
in previous reports.27’28

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 reliable
tools for field sensor calibration and verification because they are
stable for long periods of time and unaffected by changes in
temperature and pressure.36’37 The TA sensor seawater
measurements were determined relative to data collected
periodically during deployment from the onboard RM and in-

https://doi.org/10.1021/acs.est.4c10139
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Figure 3. Visualization of ST ALR path (black line) and corresponding
CTD casts (red triangles). ALR vehicle transit across the continental
shelf edge at various depths in a diagonal trajectory with respect to
latitude and longitude (denoted here in decimal degrees).
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Figure 4. Visualization of DT ALR path (black line) and corresponding
CTD casts (red triangles). Latitude and longitude are denoted here in
decimal degrees. ALR vehicle transit path is along 47.5 N at various
depths. Seafloor is at 3500 m.

Table 1. Sampling Rates of Sensors Onboard the ALR?

sensor on ALR
pH lab-on-chip (NOC)
TA lab-on-chip (NOC)

sampling rate
1 measurement per 7.5 min
1 measurement per 10 min
RMs every 3 measurements™
DIC lab-on-chip (NOC) 1 measurement per 15 min
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 LOC sensors were powered off after every mission when the
ALR was at the surface trasmitting data and then were 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 analyzed periodically for both the TA and DIC sensor.
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house prepared standard (seawater that has been filtered,
poisoned with mercuric chloride, and standardized against RM
and certified titrant, both from Scripps Institution of Ocean-
ography, USA), as described in Schaap et al.”® The TA LOC
sensor carried two onboard RMs, RM1 (certified, Scripps Batch
189) with TA = 220526 umol kg™' and RM2 (in-house
standardized seawater with TA = 2340.8 yumol kg™', which were
each measured once every three external seawater measure-
ments (Table 1). The DIC sensor used one onboard RM
(certified, Scripps Batch 193) with DIC = 2048.36 ymol kg ™/,
which was measured in triplicate for every 12 external seawater
measurements during deployment (Table 1).

Discrete Bottled Co-samples. Discrete seawater co-
samples were collected during ALR missions (Figures 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. Sample collection, preservation, and
storage for carbonate analysis were conducted according to
standard procedures described in Dickson et al.*® The bottled
co-samples were analyzed in the laboratory, with a subset (n =
47) analyzed for pHr, DIC, and TA, at NOC and the remaining
samples (n = 109) analyzed for DIC and TA at the Bermuda
Institute in Ocean Science (BIOS). All discrete carbonate
samples were analyzed within seven months of collection.
Seawater pHy (NOC) was determined on a Cary 60 UV—vis
(Agilent Technologies) spectrophotometer using a purified
mCP indicator at 20 °C,”® with an estimated uncertainty of
0.005>” (SI. Table 1). The reported in situ pHy for bottled co-
samples that were analyzed at NOC was computed from the
laboratory-measured pHr, measurement temperature, DIC, and
nutrient concentrations at in situ S, T, P using CO2SYS (see
Carbonate system calculations section below). The in situ pHy
reported here for the remainder of bottled co-samples was
computed from the DIC and TA measured at BIOS at in situ S,
T, and P using CO2SYS. Seawater DIC (NOC) was determined
by infrared (IR) gas analysis following acidification with 10%
phosphoric acid and stripping of the generated CO, with pure
nitrogen gas on an AIRICA DIC Analyzer (Marianda, Kiel,
Germany) coupled with a LICOR 840A IR CO,/H,O
Analyzer.””~*' 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 CO, peaks from four repeat injections of
1.2 mL of sample each, with a precision better than 6 ymol kg™,
and an average precision of 3 umol kg™ (16=2 umolkg™"). The
same DIC determination method was used at BIOS, coupled
with CO, determination by coulometric titration on a VINDTA
3C (Versatile INstrument for the Determination of Total
Alkalinity; Marianda, Kiel) with an accuracy and precision of 2
pmol kg_l. For all co-sample DIC determinations, +6 gmol kg_1
is used here as a maximum estimate of measurement uncertainty
(SL Table 1). Seawater TA (NOC) was determined potentio-
metrically with an open cell multipoint titration between pH 3.5
and 3.0°° using a Metrohm Ti-Touch 916 automated titrator,**
with a precision better than 0.1% and a combined standard
measurement uncertainty of +3 ymol kg ~'. At BIOS, the TA was
determined using the potentiometric semiclosed titration
system®” on the VINDTA 3S, with a precision better than
0.1%. For all discrete co-sample TA determinations +3 ymol
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Table 2. Summary of the Observed and Historical Parameter Values”

parameter ALR transects
pHt 7.97—-8.09
TA (umol kg™") 2302—-2370
DIC (umol kg™) 2107-2182
salinity (PSU) 35.34-35.61
temperature °C 10.56—12.29

CTD casts regional data’ regional data®
7.94—8.06 8.1-8.2 n/a
2314-2357 2310—-2360 2326—2345%
2117-2217 2050-2150 2074-2135%
35.34—35.60 344—n/a 35.04—35.47
10.32—12.36 7.5—12.5 8.8—13.9

“IKitidis et al.”® Western English Channel (Stations E1 & L4 Feb—April). *Marrec et al.”” Western English Channel (Stations E1 & L4 Spring).

*Indicating surface water measurements only.

kg™ is used here as an estimate of measurement uncertainty (SL.
Table 1). In addition, all discrete co-samples (n = 156) were
analyzed for concentrations of dissolved inorganic phosphorus
(hereafter phosphate) and silicic acid (hereafter silicate) at
NOC following standard continuous flow analysis methods"’ on
a QuAAtro39 AutoAnalyzer (SEAL Analytical), with estimated
uncertainties of 3.7 and 2.4% respectively’* (SL Table 1).
Finally, all discrete co-samples were analzzed for DO on the day
of collection using the Winkler method*” following Carpenter*®
and Langdon,"” on a Metrohm 794 Basic Titrino system with an
estimated measurement uncertainty of 0.06%."

Sensor Measurement Validation. To validate the
performance of the sensors onboard the ALR, sensor measure-
ments were compared with the water samples collected from the
ship that were analyzed using the “gold standard” laboratory
techniques described above. Proximity between sensor measure-
ments and discrete samples unavoidably varied in frequency,
space, and time, making direct comparisons impossible and
interpolation (a common practice when dealing with oceano-
graphic data®®*”) 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 neighbor interpolation without extrapolation in
MATLAB.’>*" 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. Nonethe-
less, the natural neighbor interpolation method was chosen
because it performs well with the irregularly distributed data
typically associated with oceanographic sampling.*”** All
parameters were regarded in density space, that is, they were
interpolated based on their relationship to seawater density
(calculated from S, T, P>®) rather than the water depth. When
parameters are compared in density space, the variability caused
by vertical displacement is minimized 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.”*°

The direct spatial comparison was achieved by extracting
values from the discrete co-sample interpolant product x; crp at
the vertical (density) and lateral (location along the track)
coordinates corresponding to each ALR sensor measurement
X - Residuals (x) between the two measurement methods
were then calculated by using eq 1.

(1)

Finally, the mixed layer depth in the DT was determined using
the threshold method with criterion Aoy = 0.125 kg m ™ where
) L S7-59
0 represents potential density.
Carbonate System Calculations. The speciation of the
carbonate system was characterized from the discrete co-sample

r(x) = Xi—cTD — YALR
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data set obtained from the CTD casts using the CO2SYS
MATLAB packageéo_62 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 aragonite
saturation state (Q,).

The speciation of the carbonate system was also characterized
by 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 pHr values from the generated spatial grids were
used with corresponding gridded S, T, and P from the CTD
onboard the ALR for carbonate system characterization using
CO2SYS. All CO2SYS computations used the dissociation
constants of carbonic acid (K, and K,) from Lueker et al,,** Ko,
from Dickson,** KF from Perez and Fraga,65 and total Boron
concentration from Lee et al.°® These computations produced
grids of calculated carbonate system parameters (pCO,, DIC,
and the aragonite saturation state (£2,.)) from the sensor data.

The derived carbonate parameters from bottle samples
(xcrp) were compared with those from the ALR sensor-derived
interpolant values (x; o ) based on the corresponding vertical
(density) and lateral (location along a transect) coordinates (SI.
Figure 1). The resulting carbonate parameter residuals r . (x)
were calculated using eq 2.

rcarb(x) = XcTDp — Xi—ALR

)

The combined standard uncertainty uc(y) of r(x) was calculated
as the positive square root of the combined variances using eq 3,
and based on the uncertainties of sensor measurement and
equivalent laboratory method (SI. Table 1).%

N

() =D ul(y)

i=1

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'® and individual
parameter uncertainty values from SI. Table 1. The resulting
propagated error associated with each calculated carbonate
parameter (for both discrete and sensor data) was used to derive
the uc(y) of r.3(x) using eq 3 and values from SI. Table 1.

B RESULTS AND DISCUSSION

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 sensors onboard the ALR
made 947,423, and 251 in situ measurements, respectively. Data
taken from the ALR Lab-On-Chip sensors for pHy (pHr.ar)
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Figure 5. Shelf Transect pHy and intercomparison. The shared x-axis is plotted from right to left to better represent the geographic location and
direction of travel (away from the continental shelf). (a) Contour map from interpolated pHr._crp with contours denoted by color with respect to

depth (m) on the y-axis and distance (km) on the x-axis. (b) Residuals of pHy_crp —

pHr.arr plotted where pHyp_crp is an interpolated value at the

density and distance where pHr. p measured. Running combined standard uncertainty (mean = +0.022) is shaded in gray.

and TA (TAyr) are used in this study. During the same period,
156 discrete water samples were taken from the water column
and analyzed for TA (TA¢rp) and DIC (DIC¢rp), 47 of which
were also analyzed directly for pHy (pHr.crp). The CTD-DO
sensors on the ALR and ship-based CTD rosette sampler
recorded continuous (1 Hz) measurements for salinity (Sy g
and Scrp), temperature (T, and Terp), pressure (P and
Pcrp), and dissolved oxygen (DO, g and DOcrp). Values of
pHr, TA, DIC, S, and T collected from sensors and bottle
samples fell within the expected ranges for the region and
generally agreed with each other (Table 2).

The prototype DIC sensor operated throughout the majority
of the deployment and produced measurements within expected
ranges (Table 2). However, DIC observations did not follow
expected trends (i.e., increase with depth due to carbon
mineralization) and rather showed random variability over the
deployments. Investigation postdeployment pointed toward
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.

Comparison between Ship-Based and Autonomous
Observations. General Hydrography and Biogeochemistry.
One of the primary objectives of this study was to evaluate
whether an autonomous observing system such as the one
described here could provide information comparable to that of
traditional shipside collection along oceanographic transects.
The observational plan was therefore designed to enable
meaningful comparisons between the ALR and ship observa-
tions. 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 to avoid collision
with the CTD rosette. The time between ALR sensor
measurements and bottle sample collection in the same
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proximity ranged between 1 min and 15 h (¢ = 6 h) for the
ST and between S min and 85 h (¢ = 40 h) 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, which 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
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 pmol kg™"),
with peaks (275 gmol kg™") near the surface (60—100 km along
the track) where elevated fluorescence concentrations (1.1 g
L") were detected consistent with primary productivity (SL
Figure 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 to 35.6 PSU, the temperature ranged from 10.5 to 12.4 °C,
and the DO ranged from 180 to 245 umol kg ™" (SI. Figure 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.
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pH. The pHyp ,p data show good agreement with
interpolated pHr.crp across both transects (Figures S and 7).
During the ST, pH values ranged 0.094 pH units from 7.991 to
8.085 throughout the water column. Generally, pH decreased
with depth, with the highest values recorded in regions of high
fluorescence and oxygen concentrations (Figure Sa and SL
Figure 2). A strong positive correlation (n = 950, R* = 0.87, SL
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Figure 4) between pHy and DO throughout the deployment
implies a primarily biological control (photosynthesis—respira-
tion) on pH variability within the surface mixed layer.

The mean residual between interpolated pHy from bottle
measurements and pHr_ r (r(pHy)) in density space along the
ST was —0.011 (o = 0.008, n = 560). r(pHr) varied from —0.033
to 0.006 with 94% of r(pHy) within the mean combined
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standard uncertainty (+0.022) of the sensor and lab-based pH
analysis (Figure Sb). The negative bias in r(pHr) reflects the
consistently higher pHy 41 p values than pHrp_crp. The source of
this systematic bias is likely the ALR pH sensor measurements,
as it would be highly improbable for calculated pHy crp and
directly measured pHr.crp 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 deployment-related reason. This
points to another notable challenge when comparing ocean
observation methodologies and necessitates further research.
To help interpret the r(pHy) in the ST, residuals from other
observed parameters such as DO, S, and T were also evaluated in
the density space along the transect (Figure 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 x.crp = *arp),
coincided in space with larger r(pHy) as illustrated clearly
between x40 and 80 km along the ST track (Figure 6a—c). In
fact, r(pHy) correlated positively with #(DO), r(S), and r(T)
[r(DO)/r(pHy) (R*=0.60, p < 0.001), (S)/r(pHr) (R*=0.25,
p < 0.001, and r(T)/r(pHy) (R* = 0.66, p < 0.001)] in density
space, along the entire transect as shown in Figure 6d—f.
Similar comparisons between r(pHy) and depth, as well as
r(pHr) and hours between sample collection versus sensor
measurement (r(Time)), show a weak yet significant correlation
(p < 0.001, SI. Figure S). The highest r(pHr) values correspond
to the highest r(time) (5—15 h), and especially where (at 60—
80 km along the ST track) fluorescence was highest (areas of
high primary productivity) (SI. Figure 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
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platforms and sensor measurement validation challenging.
Therefore, sensor measurement validation should be avoided
in shallow productive waters or special care must be taken to
minimize the spatiotemporal mismatch between sensor
measurements and validation samples.

Along the DT, observed pHr values ranged between 7.931 in
deep waters (1000 m) and 8.063 close to the surface (Figure 7a).
The observed pHy decreased uniformly with depth, reflecting
the shift from net photosynthesis to net respiration with
diminishing light availability.

The mean r(pHy) in the DT was —0.01S (o = 0.008, n = 234)
with a similar negative bias as seen in the ST. Values of r(pHry)
varied from —0.034 to 0.005 with 77% of r(pHy) within the
mean combined standard uncertainty (+0.018) of the sensor
and lab-based pH analysis (Figure 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 pHry
residuals at the same location (Figure 8a—c). The r(pHry) values
correlated positively with r(DO) (R*=0.31, p < 0.001) and r(T)
(R*=0.11, p < 0.001), although not with r(S) (Figure 8). There
was no significant relationship between r(Time) and r(pHr) (SI
Figure 6). Interestingly, depth correlated positively with r(pHr)
in the DT (R* = 0.30), showing more pHy variability closer to
the surface rather than at depth (SI. Figure 6d). Unlike pressure
effects commonly seen with oceanographic instrumentation use,
the trend seen here comes from a mismatch near the surface and
within the MLD. As seen in Figures 7b and 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 heteroge-
neous waters such as productive regions or across physical
boundaries such as nutriclines and fronts.
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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 pHy of the CTD discrete
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samples with maximum r(pHy) in the order of 0.035 which is
twice as large as previously reported for this device (—0.013 by
Yin et al.”’; 0.015 by Nehir et al.”’) in shallow coastal water
deployments. The largest discrepancy between pHr a1z and
pHr.crp reported here likely reflects the temporal and spatial
mismatch between the sensor measurements and the CTD
sample collection. The pH LOC sensor has previously been
integrated on a Seaglider and deployed in the North Sea for a
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Figure 11. Vertical contoured distribution of calculated carbonate system parameters from ALR sensor data in the ST (a—c), paired with comparison
measured and calculated bottle sample carbonate parameters (d—f). (a) Contour of DIC,  (#mol/kg) in the ST water column along the transect
distance. Black circles connected by dashed lines represent bottle sample locations from CTD casts. (b) Contour of pCO,_; r (#atm) and (c) contour
of Q. a1 with the same format as in (a). Residuals show variability between CTD and ALR measurements along ST, where x5  is an interpolated
value at the density and distance where xcpp was collected, to produce residual 7,,(x). (d) Residuals of DIC (r(DIC), umol/kg) along the transect
distance (km). Black circles represent residuals calculated as #(DIC) = DICrp — DIC, . The dashed line indicates the mean residual (4 gmol/kg).
(&) Residuals of pCO, (r(pCO,), patm) along the track distance with mean residual of 10 yatm, and (f) residuals of Q. (r(Q,.)) as a function of
longitude with mean residual of —0.03, both with the same legend as in (d) for respective parameters. Gray shaded regions in plots (d—f) represent
running combined standard uncertainty, including error propagation, with means of (d) +11 gmol, (e) +23 patm, and (f) +0.18.

duration of 10 days. During the deployment, four samples were
taken using the ship’s CTD alongside the glider and analyzed for
TA and DIC. The calculated pHy was within 0.005 from the
sensors' pHp measurements. However, examples of pH
observations from AUVs are very limited and are still at the
“experimental” stage.”"”’* 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””) has been integrated and demonstrated on a Spray
glider with promising results.”* The mean difference between
sensor pHp measurements and pH measured in CTD samples
using spectrophotometry was on 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 applications. Both
spectrophotometric and ISFET-based technologies show
promise for ocean carbon observations,”””* 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.

Total Alkalinity. Total alkalinity measured in situ by the TA
sensor onboard the ALR (TA,y) agreed very well in density
space with the TA measured in the bottle samples collected from
the ship’s CTD (TAcrp) along both the ST and DT. Along the
ST, the observed TA values ranged between 2314 and 2357
umol kg™' throughout the 250 m water column (Figure 9a).
There was a horizontal gradient of increasing TA away from the
UK coast as with salinity (S Figure 2b), consistent with the
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influence of low-TA freshwater inputs from land.”® The mean
r(TA) was 1 umol kg™' (6 = 4, n = 191), ranging between —9
and 14 pmol kg™ with no observed bias. Of the TA residuals
along ST, 91% fall within the mean combined uncertainty (+8
umol kg™") of the sensor and lab-based TA analysis (Figure 9b).

Along the DT, the observed TA ranged between 2325 and
2352 pmol kg™! throughout the 600 m of the sampled water
column (Figure 10a). The mean r(TA) was 2 ymolkg™" (6=5,n
= 129), and ranged between —9 and 13 pmol kg™ with no
observed bias; 87% of r(TA) falls within the bounds of the mean
combined uncertainty (+8 umol kg™') of the sensor and lab-
based TA analysis (Figure 10b). The good agreement between
TAu g and TAcpp 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.

According to current research, this is the first demonstration
of a TA sensor in 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.””””* The NOC LOC platform, on
which the TA LOC sensor is based (as are the pH and DIC
LOC), is specifically designed for integration versatility on
stationary and small moving platforms. Although TA can be
estimated with a certain confidence in large parts of the ocean,’
direct measurements are necessary to accurately constrain TA
and the seawater—carbonate system in regions with high
calcification or riverine inputs.””*" Additionally, TA sensors
will be a key tool in quantifying TA generation and dynamics at
Ocean Alkalinity Enhancement (OAE) application sites.
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Figure 12. Vertical contoured distribution of calculated carbonate system parameters 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 DIC, x (¢mol/kg) in the DT water column along the
longitudinal transect. Black circles connected by dashed vertical lines represent bottle sample locations from CTD casts. Red horizontal line indicates
the average MLD at 345 m. (b) Contour of pCO,_ 5 (¢atm) and (c) contour of Q with the same format as in (a). Residuals show variability
between CTD and ALR measurements along DT, where x, 515 is an interpolated value at the density and longitude where xcr, was collected, to
produce residual r.4,(x). (d) Residuals of DIC (r . (DIC), gmol/kg) along the longitude. Black circles represent residuals calculated as r,,(DIC) =
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Constraining the Marine Carbonate System Autono-
mously. To our knowledge, this work presents the first in situ
characterization of the marine carbonate system from an
autonomous vehicle based on direct sensor measurements of
pHr and TA. The challenge so far in achieving this 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 character-
ization of the carbonate system (e.g., BGC Argo and SOCCOM
programs) currently relies on measured pH and modeled TA,
which carries uncertainties. Although in principle the carbonate
system can be measured and constrained using commercially
available pH and pCO, sensors (such as the PMEL mooring-
based observing network®'), this approach uses the least
desirable combination of input variables due to large errors
propagated in the calculated carbonate system parameters.'®"”
Additionally, pCO, sensors are much less practical on moving
platforms due to technical limitations including slow response
times, integrability, and high power requirements.*”

In the following sections, we present carbonate system
parameters calculated from pHr p and TAug, including
dissolved inorganic carbon (DIC, ) in pmol kg™, partial
pressure of carbon dioxide (pCO,_4 ) in patm, and aragonite
saturation state (Q,,_, ) which is unitless. We then compare
these parameters against those calculated from measured TAcrp
and DIC¢rp (pCO,.crp and Qcrp) in order to evaluate the
capability of the ALR-sensor system to constrain the seawater—
carbonate system.
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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 pHrp z;r and TAup
measurements were available. It spans 0—140 km along the
transect and is from 20—80 m in the water column (SI. Figure S).
Calculated DIC,; y ranged from 2121 to 2150 umol kg™ and
pCO, arx ranged from 366 to 431 patm with higher values for
both at depth. Calculated Q, . ranged from 2.4 near the
surface to 2.0 at depth (Figure 11a—c). The variability observed
in measured pHp_p close to the surface (likely caused by
primary productivity) propagated into the calculated DIC, g,
PCOs aLw and Q51

When compared in density space, the directly measured
DICcrp and the calculated DIC,;  show very good agreement
with a mean 7(DIC) of 4 yumolkg™" (6 =4, n = 16), and 100% of
the residuals within the mean combined uncertainty of +11
umol kg™' (Figure 1la,d). Similarly, there is also good
agreement between the calculated pCO, crp and pCO, g1z
The mean r(pCO,) is 10 patm (6 =9, n = 16), where 94% of the
residuals lie within the mean combined analytical uncertainty of
+23 patm (Figure 11b,e).

The mean r(Q,.) is —0.03 (6 = 0.04, n = 16) with 100% of the
residuals within the mean combined uncertainty of +0.18
(Figure 11c,f). The positive bias in the ST DIC and pCO,
residuals and the negative bias in Q,, residuals reflect the bias in
PHr.arr 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
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that in the previous section. Along the DT, measured and
calculated DIC ranged from 2123 to 2190 umol kg™, calculated
pCO, ranged from 388 to 551 patm, and calculated €, ranged
from 1.5 to 2.3. Similar to the shelf region, . decreases with
depth as a consequence of the higher DIC and pCO,
concentrations in deeper waters.

For calculated carbonate system evaluation in the DT, the
median () residual is also reported because the mean residual is
skewed from comparisons near 10°45’ W (Figure 12d—f).
Compared in density space, the measured DIC.yp and the
calculated DIC ; p in the DT result in a mean residual of 7 ymol
kg™ (6=9n=20,%=35).85% of r,,(DIC) lie within the mean
combined uncertainty of +11 ymol kg™ (Figure 12d). Between
calculated pCO, from both the ALR and CTDs, mean
7ear(PCO,) is 17 patm (6 = 18, n = 20, ¥ = 13) where 75% of
the residuals lie within the uncertainty region of +24 patm
(Figure 12e). Finally, the mean r 4, (€2,,) is —0.06 (o= 0.06, n =
20, ¥ = —0.05). Of the Q,, residuals in the DT, 95% are within
the combined standard uncertainty region spanning on average
+0.17 (Figure 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), (DO), and r(pHy) are in the same location (10°45’
W) of the DT (Figures 7b and 8a—c). This shows that 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 12d—f) are the
smallest, reflecting the higher biogeochemical homogeneity at
depths where biological processes are less dominant.

Overall, carbonate system parameters calculated using the
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 characterization. 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. Measurement
uncertainties of pHy and TA from both sensors and discrete
bottled samples met GOA-ON'’s weather quality objective (0.02
for pHy, 10 ymol kg™ for TA) but not the climate quality
objective (0.003, 2 umol kg™").** Similarly, the uncertainty in
DIC measurements—both directly from bottled samples and as
propagated error from CO2SYS—met the weather quality
objective (10 umol kg™') but fell short of the climate quality
standard (2 ymol kg_l).83 The presented work suggests that the
autonomous technology described here can provide viable
carbonate system information along transects, as 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 measurement synchronization. The carbonate
sensors on the ALR were configured to make measurements at
their maximum measurement frequency, as illustrated in Table
1. A 2.5 min difference between the pH LOC and TA LOC
measurements may seem small but it translates into a spatial
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mismatch in the order of around 100 m. Traditionally, the
carbonate system is characterized by measurements (usually TA
and DIC) of the same sample. In the case of the ALR
observations, the mismatch was addressed by gridding the
TAxr and pHpzp data and using the resulting compatible
arrays for carbonate system calculations. Although this is a valid
approach in accounting for this issue,***”** 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 parameters calculated from interpolated values will carry
uncertainty that is 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.

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®*) 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 characterizing the marine
carbonate system at high spatiotemporal resolutions. This high-
resolution data is necessary to understand fine-scale processes
and localized high-frequency changes in pH and CO, 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 (on the order of 10,000 km),
while sensor analytical performance also needs to be improved.
The LOC sensors are designed to be integrated into other
platforms. The key consideration for integration is the
availability of supplementary data (S, T, and 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, partic-
ularly in long-duration or high-frequency missions. Never-
theless, 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 the
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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