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Abstract The Southern Ocean Carbon and Climate Observations and Modeling (SOCCOM) program
currently operates >80 profiling floats equipped with pH sensors in the Southern Ocean. Theoretically,
these floats have the potential to provide unique year-around estimates of pCO2 derived from pH
measurements. Here, we evaluate this approach in the field by comparing pCO2 estimates from pH sensors
to directly measured pCO2. We first discuss data from a ship’s underway system which covered a large
range in temperature (2–308C) and salinity (33.6–36.5) over 43 days. This pH sensor utilizes the same sensing
technology but with different packaging than those on SOCCOM floats. The mean residual varied between
24.6 6 4.1 and 8.6 6 4.0 (1r) latm, depending on how the sensor was calibrated. However, the standard
deviation of the residual, interpreted as the ability to track spatiotemporal variability, was consistently
< 5 latm and was independent of the calibration method. Second, we assessed the temporal stability of
this approach by comparing pCO2 estimated from four floats over 3 years to the Hawaii Ocean Time-series.
Good agreement of 22.1 6 10.4 (1r) matm was observed, with coherent seasonal cycles. These results
demonstrate that pCO2 estimates derived from profiling float pH measurements appear capable of
reproducing spatiotemporal variations in surface pCO2 measurements and should provide a powerful
observational tool to complement current efforts to understand the seasonal to interannual variability of
surface pCO2 in underobserved regions of the open ocean.

1. Introduction

The ocean has absorbed an amount of carbon equivalent to approximately 40% of the anthropogenic car-
bon dioxide emitted by fossil fuel burning since the industrial revolution began (Sabine & Tanhua, 2010)
and is currently estimated to absorb approximately 25% of anthropogenic CO2 annually (Le Qu�er�e et al.,
2016), thus playing a critical role in regulating atmospheric CO2 and climate change. One of the principal
methods used to estimate the air-sea flux of carbon is by measuring the difference in partial pressure of
CO2 between the atmosphere and ocean and multiplying this by an estimate of the gas exchange coeffi-
cient (Wanninkhof et al., 2009). Because the ocean is significantly more variable than the relatively well-
mixed atmosphere (Takahashi et al., 2009), constraining the global CO2 air-sea flux requires high spatial res-
olution of the ocean surface partial pressure of CO2 (pCO2). The oceanographic community has made large
strides to collect and compile highly accurate surface pCO2 measurements (6 2 latm) into a single data
base, the latest of which is the Surface Ocean CO2 Atlas (SOCAT) version 5 (Bakker et al., 2016). From such
data sets, two main global surface pCO2 data products have emerged: the Takahashi monthly climatology
(Takahashi et al., 2002, 2009), and a monthly gridded data set from 1998 to 2011 by Landsch€utzer et al.,
(2014). Both data products lead to an estimated annual oceanic sink for anthropogenic CO2 of approxi-
mately 2 Pg C yr21. Both are used to constrain global circulation models.

While the importance of these data products cannot be overstated, they are prone to some biases. The
majority of observations are taken from ships of opportunity and research cruises, thus a high density of
measurements occur near shipping lanes, leaving large parts of the ocean with little to no observations. For
example, remoteness and harsh conditions in the austral winter in the Southern Ocean are not conducive
to ship board measurements, which results in a limited number of observations in this region. Furthermore,
the Takahashi climatology has an additional uncertainty associated with correcting historical measurements
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to a reference year, based on a linear regression of deseasonalized pCO2 data for each ocean basin (Takaha-
shi et al., 2009). Given that model results indicate that the Southern Ocean may be responsible for 50% of
the global ocean CO2 sink (Fr€olicher et al., 2015; Gruber et al., 2009), this lack of observations constraining
seasonal to interannual variability represents a critical knowledge gap in oceanic CO2 flux.

The Southern Ocean Carbon and Climate Observations and Modeling (SOCCOM) program aims to address
this undersampling problem by deploying 200 profiling floats equipped with biogeochemical sensors in the
Southern Ocean (Johnson et al., 2017). Biogeochemical profiling floats are a powerful tool to observe chemi-
cal distribution and variability in the ocean (Johnson et al., 2007, 2009), as they are capable of providing
unprecedented coverage across remote regions of the ocean, are not restricted by harsh winter time condi-
tions of the Southern Ocean, and can operate under seasonal sea ice (Johnson et al., 2017). SOCCOM floats
are equipped with autonomous pH sensors based on the Honeywell Ion Sensitive Field Effect Transistor
(ISFET) technology (Johnson et al., 2016). Other studies indicate that these sensors can be used to estimate
surface pCO2 by combining pH sensor data with empirical relationships for total alkalinity (TA) (Carter et al.,
2016, 2017; Lee et al., 2006) (referred to as pCO2(pH, TA) hereafter). There are currently> 80 profiling floats
equipped with pH sensors operating in the Southern Ocean through SOCCOM. While it is desirable to
directly measure pCO2 for air-sea CO2 flux studies, only prototype pCO2 sensors have been integrated onto
profiling floats (Fiedler et al., 2013). No plans exist for a large-scale deployment of pCO2 floats due to limita-
tions in size, power, response time, or stability. Therefore pCO2(pH, TA) currently represents the only scal-
able approach to provide surface pCO2 estimates on regional to global scales using profiling floats. Thus, it
is an essential objective for SOCCOM to understand the limitations or biases between measured pCO2 and
pCO2(pH, TA).

Initial evaluation efforts to estimate pCO2 from pH observed by the SOCCOM float array are encouraging.
Williams et al. (2017) conducted a detailed bottom-up uncertainty analysis for calculated pCO2(pH, TA) and
concluded that surface pCO2 could be constrained to 11 latm. This theoretical uncertainty compared well
to the mean residual between pCO2(pH, TA) and pCO2 directly measured from the research vessel’s under-
way system at the time of deployment (3.7 6 11.7 latm; n 5 16 floats). However, this study only assessed
pCO2(pH, TA) on the initial profile while the ship was in close enough proximity to the float. Thus this
approach has not been evaluated across a range of environmental conditions that a float may experience,
such as over a seasonal cycle. Detailed assessment of pCO2(pH, TA) over a large range of temperature, salin-
ity, and pH (or pCO2) is required to improve our confidence for biogeochemical profiling floats to provide
valuable seasonal context to surface pCO2 for ongoing observational programs (e.g., SOCAT). Furthermore,
temporal stability of this approach over seasonal to annual timescales has yet to be assessed.

Here, we extend the work of Williams et al. (2017) by conducting a top-down assessment of surface pCO2

estimated from autonomous pH sensors and an empirical algorithm for TA. Ideally, such analysis will be per-
formed using pH data from the SOCCOM array; however, no suitable data set exists in the Southern Ocean
for such an exercise due to the sparseness of underway pCO2 measurements, especially during the winter.
Therefore we present two data sets to infer the uncertainties and limitations associated with pCO2(pH, TA)
from SOCCOM floats. First, we compare pCO2(pH, TA) to directly measured pCO2 in a ship’s underway sys-
tem while it operated in the Southern Ocean. The pH sensor utilized in this deployment contains the same
ISFET technology as those on profiling floats, but packaged differently for low pressure applications. The
surface conditions ranged from temperatures of 2 to 308C, salinity of 33.6 to 36.5, and pCO2 of 325 to 425
latm. Second, temporal stability of this approach was assessed by comparing pCO2(pH, TA) from four profil-
ing floats near Hawaii to the Hawaii Ocean Time-series (HOT) data over 3 years. These results provide signifi-
cant additional understanding of the advantages and limitations that result when using pH to estimate
pCO2 from SOCCOM floats.

2. Methods

2.1. Underway Measurements on A13.5 Repeat Hydrography Cruise
Underway pH and pCO2 were measured on the R/V Ronald H. Brown on the A13.5 repeat hydrography
cruise between March and April 2010 (Figure 1) (Bullister et al., 2010). Measurements made before 27 March
were in the Southern Ocean, south of 308S. Hydrocasts were performed approximately every 0.58 of latitude
along the cruise track for a total of 129 stations. Discrete measurements of total alkalinity (TA), dissolved
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inorganic carbon (DIC), pH (spectrophotometric, at 258C), and pCO2 (pCO2(Disc)) were made. Discrete meas-
urements of pH from the rosette will be referred to as pH(Disc) hereafter. Surface discrete samples were col-
lected at< 5 m depth at each station. Measurements were made following standard protocols (Dickson
et al., 2007), and details can be found in the cruise report (Bullister et al., 2010).

An ISFET-based Honeywell Durafet III pH electrode and an Orion Chloride Ion Selective Electrode (Cl-ISE)
were integrated into the underway system to measure pH every 30 s. This combination allows for the calcu-
lation of pH using two reference electrodes: the internal reference electrode of the Durafet (pHint) and the
Cl-ISE directly submersed in seawater (pHext). Details and theory for the two pH measurements are given in
Martz et al., (2010) and Bresnahan et al., (2014). However, given that pHext is the measurement made on pro-
filing floats (Johnson et al., 2016), the manuscript will focus on pHext. Performance of pHint can be found in
the supporting information. Data before 14 March are not presented because the Cl-ISE had not fully equili-
brated with bromide in seawater (Bresnahan et al., 2014).

Underway pCO2 (pCO2(UW)) was measured using a General Oceanics Inc. model 8050 system, providing
measurements approximately every 5 min. Accuracy was ensured by measuring standard gases at four dif-
ferent concentrations every 2.6 h. The design and data processing procedure is described elsewhere, and
the accuracy of pCO2(UW) is 6 2 latm (Pierrot et al., 2009). Underway pCO2 data was also downloaded from
the SOCAT website in January 2017 (Bakker et al., 2016).

A Seabird SBE45 micro thermosalinograph (TSG) was plumbed directly into the underway pH flow stream
to provide contemporaneous temperature and salinity data. However, a salinity drift relative to surface bot-
tle salinity measurements was observed (�0.3 over 35 days), whereas no significant salinity drift was
observed for the conductivity sensor in the pCO2 system. Therefore salinity measurements from the under-
way pCO2 system were used for pH calculations (Martz et al., 2010).

The pH sensor was calibrated using discrete samples collected at the surface at each station (n 5 129). To
verify that no significant changes occurred to the seawater carbonate chemistry in the ship’s plumbing

Figure 1. (left) Cruise track of A13.5 repeat hydrography cruise. (right) Underway measurements for: (a) temperature
(8C); (b) salinity; (c) total alkalinity (mmol kg21) calculated using LIAR (black) and measured (orange dots); (d) pCO2 (matm)
(blue) and pH (orange). Gaps in data represent spikes in data that were manually removed, or due to swapping batteries
(i.e., 27 March).
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(Juranek et al., 2010), additional discrete samples for pH, TA, and DIC were collected (n 5 95, 48, and 26,
respectively) from the outlet of the underway pH system at the same time as the CTD cast. The differences
between samples taken at the underway line and surface rosette bottles (underway – rosette; mean 6 1r)
were 0.0008 6 0.0016 (pH), 0.5 6 2.5 mmol kg21 (TA), and 1.0 6 1.5 mmol kg21 (DIC), which were not signifi-
cantly different from zero. No discrete samples were taken for pCO2 from the underway line; however,
based on the agreement of other carbonate parameters, we expect no difference in pCO2 as well. Since a
larger number of samples exist from surface rosette bottles, these were used to calibrate the underway pH
measurements.

Details on how to calculate and calibrate pHext is presented in detail elsewhere (Bresnahan et al., 2014; Martz
et al., 2010), but will be summarized here. Computation of pHext requires knowledge of two sensor calibra-
tion coefficients, the sensor reference potential at 08C ðE�ext;0�CÞ and the temperature coefficient dE�ext

dT

� �
:

pHext5
Eext2E�ext

� �
1S3log cHcCl mClð Þ

S
(1)

E�ext5E�ext;0�C1
dE�ext

dT
T (2)

where Eext is the electromotive force between the ISFET and the Cl-ISE, E�ext is the reference potential at in
situ temperature, T is temperature in Celsius, c is the activity coefficient of the respective ions, mCl is the
molality of chloride, and S 5 R 3 TK 3 ln(10)/F (R is the universal gas constant 8.3145 J K21 mol21, TK is tem-
perature in Kelvin, and F is the Faraday constant 96,485 C mol21). S, cHcCl , and mCl are calculated from meas-
urements of temperature and salinity (Dickson et al., 2007; Khoo et al., 1977; Martz et al., 2010). A linear
regression between E�ext and T gives E�ext;0�C (intercept) and dE�ext

dT (slope). Essentially, the calibration protocol
more-or-less adjusts the offset for the pHext.

The E�ext can be calculated by measuring Eext in a solution of known pH, i.e., at the time a surface sample was
collected by the rosette. In order to generate a single value for E�ext to use in computing pH from raw sensor
voltages, the reference potential E�ext was calculated for each discrete sample using pH calculated from
pH(Disc) and TA using CO2SYS (van Heuven et al., 2011), with carbonate equilibrium constants from Mehr-
bach et al. (1973) refit by Dickson and Millero (1987), and boron concentrations from Uppstrom (1974). We
chose to use pH(Disc) and TA as inputs to calibrate pHext, because this is consistent with how profiling float
pH sensors are calibrated. The sensitivity to the choice of input parameters to calibrate the pH sensor, and
the uncertainties associated with spectrophotometrically determined pH is explored in detail in the Discus-
sion. dE�ext

dT was determined to be 2967 6 6 (95% CI) mV 8C21. No significant drift was observed for E�ext;0�C

throughout the cruise, and thus the mean value (–1.37373 6 0.0003 (1r) V, n 5 121) was used to calculate
the pHext time series; variability (1r) of 0.0003 V in E�ext;0�C translates to approximately 0.005 pH (or 5 latm
pCO2). However, the standard error is significantly smaller (0.0003/

ffiffiffiffiffiffiffiffi
121
p

5 27 lV), translating to< 0.0005
pH or< 0.5 latm. Obvious spikes in the data, most likely caused by bubbles periodically sticking to the sen-
sor surface, were removed manually.

2.2. Profiling Floats Near Hawaii
Four profiling floats equipped with pH sensors deployed near the Hawaii Ocean Time-series (HOT) were
assessed in this study (float ID 7672, 8514, 8486, and 9274). The data from these floats span between Octo-
ber 2013 and January 2016. Details for the float data set are provided elsewhere (Johnson et al., 2016), and
float data are available at http://www.mbari.org/science/upper-ocean-systems/chemical-sensor-group/float-
viz/. HOT data were only available through the end of 2015. The pH sensors were calibrated using protocols
outlined in Johnson et al. (2016, 2017). The calibration coefficients were determined in the laboratory and
then corrected for drift by adjusting E�ext;0�C by comparison to a reference pH calculated from the Linearly
Interpolated PH Regression (LIPHR) (Carter et al., 2017) at �850 m. Excellent agreement was observed
between LIPHR pH and HOT discrete pH measurements between 2013 and 2016 at depths of 750, 1,000 m,
and 2,000 m (mean residual 5 0.001 6 0.003 (n 5 72)). Since HOT data were not used in the training data
set for LIPHR, this represents an independent validation of this algorithm in this region of this ocean. How-
ever, errors (<0.02) in LIPHR pH were observed between 1,100 and 1,500 m, thus profiling float pH was cali-
brated to LIPHR pH at 850 m. The exception was 8,486 where the pressure coefficient, f(P) was
redetermined using HOT bottle data at the time of deployment. This recalculation was necessary because a
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shift in f(P) was observed for this sensor. HOT pCO2 was calculated
from discrete TA and DIC samples. Float measurements made at
depth near 5 m were compared to surface measurements at HOT, as
updated and adapted from Dore et al., (2009). In order to minimize
spatial discrepancies between the two data sets, only float profiles
that were taken within 300 km of HOT were used for the comparison.

2.3. Calculation of pCO2(pH, TA)
pCO2 from autonomous pH was calculated by combining it with TA
estimated from the Locally Interpolated Alkalinity Regression (LIAR),
using temperature and salinity as inputs (Carter et al., 2016). All car-
bonate calculations were done using CO2SYS (van Heuven et al.,
2011), using carbonate equilibrium constants from Mehrbach et al.
(1973) refit by Dickson and Millero (1987), salinity to boron ratios from
Uppstrom (1974), and bisulfate equilibrium constants from Dickson
(1990). The highest observed phosphate and silicate concentrations at
the surface were 1 and 23 mmol kg21, respectively. Including the nutri-
ent concentrations as an input to CO2SYS or assuming them to be 0
lead to a maximum bias in pCO2(pH, TA) of 0.4 matm. Therefore
nutrients were assumed to be equal to 0 to calculate pCO2(pH, TA).

3. Results

The A13.5 cruise experienced a large range in surface conditions as it
travelled from Cape Town to the Southern Ocean, then northward to
the tropical Atlantic (Figure 1). For example, temperature ranged
between 2 and 308C and salinity increased from 33.6 to 36.5 through-
out the cruise. Surface pCO2 changed by 100 matm, ranging between
325 and 425 matm, and surface pH ranged between 8.0 and 8.1. The
estimated TA was in good agreement with measured TA, and the
mean residual (estimated – measured) was 24.8 6 4.6 (1r) mmol kg21

(supporting information Figure S3).

Good agreement between underway pCO2(pH, TA) and directly mea-
sured underway pCO2 was observed throughout the cruise (Figure 2).
On average, the DpCO2 (pCO2(pH, TA) – pCO2(UW)) throughout the
cruise was 23.7 6 4.2 (1r; n 5 15,323) matm. Throughout the cruise,
pCO2(pH, TA) was in agreement to pCO2(UW) to better than 5 matm
67% of the time. This agreement was demonstrated through large
temperature and salinity ranges, suggesting that with appropriate
contemporaneous in situ calibration, pH sensor data can be used to
consistently track spatiotemporal variability in pCO2(pH, TA) across
large portions of the surface ocean.

The surface pCO2(pH, TA) calculated from the profiling floats showed
similar seasonal trends as HOT bottle data (Figure 3); pCO2 is reported
at their respective in situ conditions. On average, the difference
between pCO2(pH, TA) and pCO2 measured at HOT was 3.0 6 10.4
(1r) matm (n 5 16). This agreement was achieved using four indepen-
dently calibrated pH sensors over approximately 3 years (Johnson
et al., 2016). Qualitatively, the agreement did not seem to worsen sig-
nificantly, even when the float drifted further than 300 km from HOT
(open squares in Figure 3). However, to avoid introducing errors due
to spatial discrepancies, we did not include these in the comparison.

Figure 2. (top) Directly measured underway pCO2 (matm) (black) and calculated
pCO2 from pH and total alkalinity (orange) is shown. (bottom) The residual of
the two data sets (DpCO2, defined as pCO2(pH, TA) 2 pCO2(UW)) is shown.
Solid black line represents 0 matm, whereas the dashed black lines
represent 6 5 matm.

Figure 3. (top) Surface pCO2 calculated from float pH and LIAR TA (closed
circles), and at HOT using DIC and TA (squares). Measurements from float 7672
(cyan), 8486 (red), 8514 (green), and 9274 (blue) are represented using different
colors. Corresponding HOT data are shown using the same color scheme. Open
squares represent data when floats were further than 300 km from HOT, thus
were not compared to HOT data. (bottom) Residuals between pCO2(pH, TA)
and pCO2 measured at HOT.
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4. Discussion

4.1. Underway Measurements
The good agreement between measured and computed pCO2 throughout a large range in temperature
and salinity on the A13.5 transect (Figures 1 and 2) demonstrates that spatiotemporal variability of pCO2(pH,
TA) can be accurately captured through a wide range of oceanic conditions. The surface temperature and
salinity nearly spanned the entire open oceanic range. This is consistent with a laboratory assessment that
demonstrated Nernstian behavior of the ISFET and Cl-ISE combination between salinity 20 and 35 (Takeshita
et al., 2014). Furthermore, pCO2 changed by approximately 100 latm throughout the cruise, which is larger
than most seasonal cycles in the surface open ocean (Takahashi et al., 2009). The variability of DpCO2

(expressed as the standard deviation) represents how consistently pCO2(pH, TA) tracked changes in
pCO2(UW). The standard deviation of DpCO2 was 4.2 matm, implying that pCO2(pH, TA) using contempo-
raneous calibration of pH can accurately capture seasonal to interannual patterns to better than 5 matm
in the open ocean, as the environmental gradient experienced during this cruise is larger than any sea-
sonal changes in the open ocean. In particular, it is very encouraging that changes in pCO2(pH, TA)
could be accurately estimated through a large portion of the Southern Ocean, from 558S to 408S in the
Atlantic sector. In the Southern Ocean, temperature and salinity below 28C and 33.5 can be observed in
select locations such as near sea ice, and can get low as 21.6 and 32.5, respectively. Accordingly, this
analysis should be applied in open ocean conditions, and further characterization is required for coastal
seas.

While there are subtle differences of the sensor configuration between the underway pHext and profiling
float pHext, we believe the two measurements are comparable for the following reasons. First, the two pHext

use an identical pH sensing element (Honeywell produced ISFET). The main difference between the two is
the ISFET packaging. The custom packaging for the profiling float ISFET was designed so the ISFET could
withstand high pressures (Johnson et al., 2016), thus should have no effect on sensor operation at atmo-
spheric pressure. In fact, stable pH measurements at atmospheric pressure after repeated pressure cycles
have been demonstrated in the laboratory (Takeshita et al., 2017). Second, while different manufacturers
were used for the reference electrode (Orion and Van London), very similar behavior was observed between
the two electrodes during a rigorous laboratory comparison (Takeshita et al., 2014). Finally, the same ISFET
driving circuitry, a key component in successful ISFET-pH sensor operation (Bergveld, 2003), was used for
both measurements. For these reasons, we believe that the assessment of underway pHext is applicable to
profiling float pH.

Calculations for pCO2(pH, TA) from underway ship measurements are sensitive to small errors and care
must be taken at each step to ensure accuracy. pCO2 changes by approximately 16 matm per degree Celsius
(Takahashi et al., 2002, 2009), thus small discrepancies in temperature used to calibrate, calculate, and com-
pare measurements can lead to significant biases. For example, pHext is measured at the underway pH cell
temperature which can be different from the pCO2 chamber and sea surface by up to 0.48C, potentially cre-
ating a �6 matm error. Therefore when calibrating pH, the pH cell temperature must be used. However,
pCO2(UW) is reported at sea surface temperature, therefore pCO2(pH, TA) must be adjusted to sea surface
temperatures. Finally, accurate salinity measurements are required for pHext. A drift in salinity of 0.1 results
in an error of pHext of approximately 0.0013 (or �1.3 matm). In this cruise, a drift of> 0.3 salinity in the TSG
directly in-line with the pH system was observed and would have contributed to a drift in pCO2(pH, TA) of
approximately 4 matm. This alone would have nearly doubled the error in the final pCO2(pH, TA). Therefore
routine maintenance and validation of the salinity measurements is critical in order to maintain high quality
pCO2(pH, TA) from underway and autonomous systems. Fortunately, salinity measurements with accuracy
better than 0.1 are routine for profiling floats (Owens & Wong, 2009).

4.2. Profiling Floats Near Hawaii
The measurements made on board the ship spanned a relatively limited time. To assess the sensor perfor-
mance over seasonal to annual timescales, we considered the performance on profiling floats in replicating
the monthly pCO2 values reported at the Hawaii Ocean Time-series. Ideally this comparison would be made
in the Southern Ocean, however, no suitable time series data exists in this region for this analysis as winter-
time observations are extremely scarce. The four floats deployed near Hawaii measured seasonal cycles in
pCO2 consistent to that observed by HOT (Figure 3). The difference in mean pCO2 values of the floats and
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the time series is not significantly different. As suggested by Johnson et al. (2017), the quality controlled
sensor data (i.e., periodically recalibrated to a reference pH at 850 m) shows little degradation with time. We
believe pCO2(pH, TA) from profiling floats will provide a valuable seasonal context to supplement ongoing
efforts to measure surface pCO2 (e.g., SOCAT). Finally, the results presented in this study demonstrate that
pCO2(pH, TA) can be estimated in multiple ocean basins, an encouraging result for an ever growing array of
Biogeochemical-Argo floats.

For successful profiling float missions, it is critical that protocols are established to verify sensor perfor-
mance throughout its life and to correct for any drift, as is the case for conductivity (Owens & Wong, 2009;
Wong et al., 2003) and O2 measurements (Bittig & K€ortzinger, 2015, 2017; Bushinsky et al., 2016; Johnson
et al., 2015; Takeshita et al., 2013). For pH, the current protocol is to correct E�ext;0�C based on a well-defined
reference pH in deep waters determined from empirical algorithms (Johnson et al., 2016). For SOCCOM, the
reference pH at 1,500 m determined from a regional algorithm is used to correct for drift (Williams et al.,
2016). This protocol was assessed for the SOCCOM array by comparing sensor data to discrete samples
taken at the time of deployment, and excellent agreement was observed (Johnson et al., 2017). During the
early phases of SOCCOM, and for three of the four floats near Hawaii presented in this study, relatively large
initial drifts in pH were observed due to insufficient equilibration of the reference electrodes with bromide
before deployment (Johnson et al., 2017). Such drift could be corrected for accurately using this protocol,
and coherent seasonal surface pCO2(pH, TA) could be estimated (Figure 3). Additionally, this observed initial
drift has been steadily decreasing throughout the SOCCOM program as sensor design and calibration proto-
cols continue to be refined. Currently, pH sensors typically drift by less than 0.003 year21 from their labora-
tory calibration (Johnson et al., 2017). Continued development of such verification methods will be critical
in calculating accurate pCO2(pH, TA) through a float’s life. Finally, it is important to remember that such cali-
bration protocols ultimately rely on high-quality ship-board measurements made from repeat hydrography
programs such as GO-SHIP. Therefore it is critical to maintain these programs as additional Biogeochemical
Argo floats are deployed in other ocean basins.

4.3. Uncertainties and Limitations for pCO2(pH, TA)
For a detailed discussion and analysis of the uncertainties associated with pCO2(pH, TA), the readers are
referred to Williams et al. (2017), but some additional points will be discussed here. The accuracy of
pCO2(pH, TA) is dependent mainly on three factors: accuracy of the estimated TA, accuracy of the pH mea-
surement, and the choice of equilibrium constants used for converting pH to pCO2. Here, the uncertainties
in the estimated TA produced a small yet noticeable bias to the calculated pCO2 for the underway system.
The estimated TA was on average 4.8 lmol kg21 lower than the discrete measurements, and at times as
low as 10–15 lmol kg21 (supporting information Figure 3). Roughly, a 5 lmol kg21 bias in TA leads to a 1
latm bias in calculated pCO2 (Williams et al., 2017). Therefore throughout the cruise pCO2(pH, TA) was sys-
tematically high by about 1 latm on average, and briefly at times as high as 2–3 latm due to biases in the
empirically derived TA. For this study, we used temperature and salinity as inputs for LIAR V2 (Carter et al.,
2017), but including other parameters (i.e., dissolved oxygen and nitrate) did not improve the estimated TA.
For SOCCOM floats, the uncertainty of pCO2(pH, TA) due to errors in the estimated TA is harder to constrain
for a number of reasons. First, there are very few measurements of TA during the austral winter, thus the
accuracy of the LIAR V2 algorithm cannot be verified during parts of the year. Second, intense biological cal-
cification from e.g., coccolithophore blooms could draw down TA in ways not captured by the algorithm.
Finally, changing salinity due to increasing sea ice melt may necessitate reformulating the algorithm in the
future. However, it is important to note that these examples are extreme cases of TA variability. For assess-
ments performed in the open ocean (Williams et al., 2017), pCO2(pH, TA) matched the theoretical uncer-
tainty of �11 latm.

The largest source of uncertainty in calculating pCO2(pH, TA) is the accuracy of the pH sensor measure-
ments, and thus the mean DpCO2 is highly dependent on how the pH sensor is calibrated. Mean DpCO2

ranged between 24.6 and 8.6 latm for the underway data set depending on the choice of carbonate
parameters for discrete samples used to calibrate the pH sensor and the choice of equilibrium constants
(Table 1). Roughly, this range in DpCO2 (24.6 to 8.6 latm) translates to �0.013 in pH. Total boron concen-
trations had little effect on the mean DpCO2 (< 1 latm) except when the inputs were TA and DIC. However,
boron concentrations from (Lee et al., 2010) were not included here because concentrations from
(Uppstrom, 1974) were used when the equilibrium constants were established (Lueker et al., 2000). Thus,
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the use of another boron concentration would have introduced an artificial bias into the results. Note that
the standard deviation of DpCO2 was insensitive to the calibration method and only varied between 4.0
and 4.3 latm. This is because the calibration process of pHext determines E�ext;0�C , which manifests as more
or less a constant offset for the calculated pCO2(pH, TA). Therefore while the mean DpCO2, or the absolute
accuracy of pCO2(pH, TA) is sensitive to the choice in calibration approach, the ability for the pH sensor to
track changes in pCO2 over large environmental gradients is independent of calibration methodology.
Finally, it is not within the scope of this paper to make a recommendation for the choice in carbonate
parameters and equilibrium constants to calibrate pH sensors for calculating pCO2(pH, TA). This is because
there are not enough independent data sets (i.e., multiple cruises) to perform a comprehensive assessment
of this approach that considers uncertainties of each measurement (e.g., pCO2(UW), TA, DIC, and pHspec) to
provide such recommendations.

The results in Table 1 demonstrated that on average across multiple equilibrium constant sets, pCO2(pH,
TA) was most consistent with pCO2(UW) when the pH sensor is calibrated using discrete measurements of
pCO2 and DIC. It is important to keep in mind that pCO2 measurements used to calibrate the pH sensor are
from discrete samples, independent of measurements from the underway system. However, discrete pCO2

is not routinely measured on most cruises and only a handful of laboratories are capable of making this
measurement (Wanninkhof & Thoning, 1993). Ideally, direct measurements of pH (Clayton & Byrne, 1993)
would be used to calibrate the pH sensor to provide accurate pCO2(pH, TA) estimates as the precision from
the spectrophotometric approach translates to an error in pCO2 of< 1 latm and measurements for spectro-
photometric pH are performed routinely. However, the mean DpCO2 when the pH sensor was calibrated
using spectrophotometric pH was 23.7 latm, slightly worse than when discrete measurements for pCO2

were used for the calibration. Purified m-cresol purple was not used for this cruise (Liu et al., 2011) and a
correction for dye purity was approximated for the final data product (Carter et al., 2013). Therefore it is pos-
sible that a small bias for the spectrophotometric pH was introduced, leading to the larger observed mean
DpCO2 for this study.

There is an additional problem when calibrating pH sensors using spectrophotometric pH for calculating
pCO2(pH, TA). A pH-dependent bias exists between spectrophotometric pH and pH(DIC, TA) of approxi-
mately 0.03 per unit change in pH (Carter et al., 2013; McElligott et al., 1998; Williams et al., 2017). Impurities
in m-cresol purple dye from common manufacturers are known to create a pH-dependent bias (Liu et al.,
2011). However, there seems to be an additional source for this bias, as a pCO2-dependent bias in pCO2(-
disc) and pCO2(pH, DIC) was observed even when purified m-cresol purple was used (Patsavas et al., 2015).
Studies have demonstrated that no such bias exists between directly measured pCO2 and pCO2(TA, DIC)
(Chen et al., 2015; Patsavas et al., 2015; Wang et al., 2013), indicating that pCO2, TA, and DIC are internally
consistent. Furthermore, an analysis of historical hydrography data revealed that this pH-dependent bias
(between pH(spec) and pH(DIC, TA)) only manifested after the use of purified m-cresol purple (Carter et al.,
2017). This suggests that there is a pH-dependent inconsistency between spectrophotometric (using puri-
fied m-cresol purple) and the other three carbonate parameters. In other words, if spectrophotometric pH is
used to calibrate the pH sensor, the magnitude of DpCO2 will be dependent on the pH of seawater at which
the sensor was calibrated (e.g., surface seawater or deep water), representing a large hurdle for the estab-
lishment of a global observing network. Such biases would not exist when measurements other than spec-
trophotometric pH were used for calibration. Given that the reference pH data set used to calibrate pH

Table 1
Mean 6 1r DpCO2 (Defined as pCO2(pH, TA) 2 pCO2(UW)) Based on Different Discrete pH Used to Calculate E�ext and
Equilibrium Constants: Mehrbach Refit (Dickson & Millero, 1987); Lueker (Lueker et al., 2000); Mojica and Millero
(Mojicao & Millero, 2002); Millero 2006 (Millero et al., 2006); and Millero 2010 (Millero, 2010)

Mean 6 1r DpCO2 (latm)
Discrete pH to
calculate E�ext Mehrbach refit Lueker Mojica and Millero Millero 2006 Millero 2010

pH(pHspec, TA) 23.7 6 4.2 23.0 6 4.2 24.6 6 4.1 1.6 6 4.2 2.1 6 4.3
pH(TA, DIC) 4.9 6 4.1 4.9 6 4.0 8.6 6 4.0 4.4 6 4.2 6.7 6 4.2
pH(pCO2, TA) 2.6 6 4.1 3.2 6 4.0 0.9 6 4.1 2.2 6 4.2 2.3 6 4.3
pH(pCO2, DIC) 2.2 6 4.1 3.0 6 4.0 20.2 6 4.1 1.8 6 4.2 1.6 6 4.3
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sensors for the SOCCOM array is based on spectrophotometric pH measurements, it is critical that we iden-
tify the source of this discrepancy to improve the accuracy of pCO2(pH, TA). This should be a research prior-
ity for the inorganic carbon community.

5. Conclusions

The good agreement between the underway pCO2 and pCO2(pH, TA) supports the approach of utilizing
autonomous pH measurements to estimate the spatiotemporal variability of surface pCO2. The data pre-
sented here uphold the theory that autonomous pH measurements can be used to estimate the spatiotem-
poral variability of surface pCO2 in the open ocean. We showed that changes in pCO2(pH, TA) matched
directly measured pCO2 with a standard deviation of better than 6 5 matm over a wide range of oceanic
conditions and seasonal cycles. These errors are similar to the uncertainty in various gridded data products
used to estimate global air-sea CO2 flux (Landsch€utzer et al., 2014; Takahashi et al., 2009). Establishing proto-
cols for calibrating pH sensors based on a better understanding of the consistency of the marine inorganic
carbon system will likely improve the accuracy of this approach. While direct measurements of pCO2 from
underway ships and other surface platforms such as moorings and drifters are the standard for surface
pCO2 measurements, pCO2(pH, TA) estimated from profiling floats can supplement this data set by provid-
ing measurements in remote, harsh regions of the ocean such as the Southern Ocean where observations
are crucially lacking to provide seasonal to interannual variability. As the number of profiling floats
equipped with pH sensors continues to grow as a part of the SOCCOM effort, we believe the data will pro-
vide a powerful means to understand spatial patterns in pCO2 over seasonal to interannual timescales in
the Southern Ocean.

Looking into the future, this data set is especially encouraging from a global biogeochemical Argo array per-
spective. We demonstrated that pCO2(pH, TA) can be calculated accurately from polar to tropical oceans, an
enabling step that strongly suggests profiling float pH is capable of calculating surface pCO2 in large por-
tions of the global ocean. Such a global observational network combined with the existing SOCAT efforts
(Bakker et al., 2016) will greatly expand our ability to constrain seasonal to interannual variability in global
air-sea CO2 fluxes.
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