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ABSTRACT Total alkalinity (TA) is a key parameter to understand the dynamics of biogeochemical
properties in the global ocean and the effects of climate change on ocean acidification, ocean carbon cycle,
and carbonate chemistry. To date, global surface ocean distributions of TA were investigated using multiple
regional regression approaches which require smoothening techniques due to severe boundary effects in
different oceanic regions/basins across latitudes/longitudes. To reduce the uncertainties and produce spatially
and temporally consistent TA products, a novel single linear regression (SLR) approach was developed in
this study to estimate TA fields in the global surface ocean waters. The SLR formulation was derived using
the continuous in-situ measurements of sea surface salinity (SSS) collected from the different oceans. The
performance of the SLR was assessed using independent in-situ/satellite derived TA data and the results
from three existing algorithms. In general, the SLR-based global surface ocean TA fields from both in-situ
and satellite data agreed well with in-situ measured TA data with a mean relative error less than 1%, which
is much lower compared to the error with the existing algorithms. Studies were also conducted to examine
the spatiotemporal variability and trends in the global surface ocean climatology of SSS and TA fields in the
context of current climate change impacts.

INDEX TERMS Total alkalinity, sea surface salinity, carbon chemistry, global ocean, satellite data.

I. INTRODUCTION
Ocean total alkalinity (TA expressed in a unit of µmol kg−1)
is expressed as the excess of bases (proton acceptors) over
acids (proton donors). It provides an unprecedented oppor-
tunity, particularly when combined with sea surface salinity
(SSS), for studying carbon cycle, air-sea CO2 fluxes, ocean
acidification and carbonate chemistry [1], [2], [3]. In general,
the spatiotemporal variability of global surface ocean TA was
linked to the various physical (evaporation and precipitation),
biological (photosynthesis and oxidation of organic matter)
and non-conservative processes (production and dissolution
of CaCO3) [2], [4], [5]. Earlier studies have demonstrated
that TA is largely controlled by SSS [6], as evident from the
strong linear correlation between SSS and TA [5], [7], [8].
This formed the basis of earlier studies to derive multiple
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regional regression equations to estimate surface ocean TA
as a function of SSS. Using this approach, Sarma [7] esti-
mated surface ocean TA in Arabian Sea waters with RMSE
±5.7µmol kg−1. In another study, Sarma et al. [8] estimated
surface ocean TAwith RMSE±4.8µmol kg−1. In Northwest
Atlantic Ocean water, Cai et al. [9] established the relation-
ship between TA and SSSwith RMSE 21.6µmol kg−1. In the
western tropical Atlantic (WTA) region, Lefévre et al. [10]
constructed a TA relationship as a function of the SSS with a
RMSE deviation of 11.6µmol kg−1. Takatani et al. [11] pro-
posed five regional equations for the surface Pacific Ocean
waters based on the relationships between TA, SSS and
sea surface dynamic heigh (SSDH) which yielded a RMSE
±7.8 µmol kg−1. Arrigo et al. [12] established TA relation-
ships as a function of the SST and SSS in the Arctic surface
ocean waters with RMSE 26.9 µmol kg−1.

In the Southern Ocean region, McNeil et al. [13] estimated
surface ocean TA as a function of the SSS, nitrate and silicate
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concentrations. Bates et al. [14] examined the spatiotem-
poral variability of upper ocean TA in the Indian Ocean
using SST, SSS, apparent oxygen utilization (AOU), latitude,
depth, nitrate and phosphate concentrations. Various methods
have been adopted to build the spatiotemporal gaps in TA
observations to produce the global seasonal climatological
maps. Millero et al. [5] developed the first set of global TA
relationships by dividing the world’s oceans into six regions,
and parametrized the SSS normalized TA with SST using
in-situ measured surface TA data (N = 1740). Due to the
SSS normalization of inorganic carbon (TA) chemical data,
Millero et al. [5] established a relationship between TA and
SST which included the erroneous trends [15]. Since the
global TA relationship became available, Lee et al. [3] added
a significant new number of TA measurements (N = 5692),
grouped TA data (<20-30m depth), divided these data into
the five ocean regions, and obtained the best fits through the
SST and SSS quadratic functions for each regions.

According to Lee et al. [3], TA is estimated from satellite
derived SST and SSS data using the locations (latitudes and
longitudes) and ranges of SST and SSS for the different
oceanographic regions. Lee et al. [3] probably included some
uncertainties/errors due to seasonal variations. When chang-
ing the specified ranges of SST and SSS for each region
and including the additional ‘‘longitude’’ parameter, there
was an overestimation of TA in North Pacific waters [2].
Millero et al. [5] and Lee et al. [3] estimated ocean sur-
face TA based on SSS and SST data without the inclusion
of parameters representing the net community production.
To overcome this problem, Takahashi et al. [4] classified
the world’s ocean into 33 regions and estimated the potential
alkalinity (PALK = TA+NO−

3 ) of 27 regions as a linear
function of SSS. To eliminate the seasonal biological effects
(due to organic production and utilization) and contributions
of horizontal and vertical mixed waters (due to upwelling of
deepwater), this scheme used PALK instead of TA. Takahashi
et al. [4] excluded the coastal regions and equatorial pacific
zones from their analysis due to the large irregular intra- and
inter-annual variabilities in the dynamic oceans.

Estimation of the spatiotemporal variability of surface
ocean TA in global ocean waters is generally a challenge
with the regional approaches due to the multiple relationships
covering the various spatial (regions) and temporal (seasonal)
scales would have severe boundary discontinuity problems
across latitudes/longitudes and ocean basins [16]. To over-
come these problems, few recent studies attempted to esti-
mate TA globally without the boundaries. For example, Sasse
et al. [17] constructed a non-linear regression algorithm to
estimate TA in global ocean mixed layers as a function of the
temperature, salinity, dissolved oxygen and nutrients concen-
trations. Similarly, Carter et al. [18] developed a locally inter-
polated alkalinity regression (LIARv2) approach. Recently,
Broullón et al. [19] produced global monthly TA climato-
logical products using a high potential feed-forward neural
network approach with RMSE 5.1µmol kg−1. More recently,
Gregor and Gruber [20] developed geospatial random cluster

ensemble regression (GRaCER) approach to construct the
global monthly climatological TA maps at a 1◦

× 1◦ spa-
tial resolution over the period from 1985-2018, because of
their potential applications for ocean acidification studies
(ocean satellite oceanographic datasets for acidification -
OceanSODA). Although, these algorithms improved surface
ocean TA estimations in global ocean regions, but difficult
to implement on the satellite data due to the complexity in
model formulations.

To overcome such issues and limitations, this study devel-
oped a single linear regression (SLR) algorithm to esti-
mate global oceanic surface TA as a function of the SSS
from continuous in-situ measurement data (N = 11952).
Althoughmultiple in-situ and satellite-based approaches have
been developed on estimating the spatiotemporal variabil-
ity of surface ocean TA fields by considering the complex
physical and biogeochemical parameters, the present SLR
approach is more robust and accurate in estimating TA from
the satellite-derived SSS products for the global region. The
rationale for this SLR approach is that SSS is closely linked
to the concentration of dissolved ions in seawater (including
bicarbonate and carbonate ions), which are the major com-
ponents of TA. Therefore, SSS serves as a proxy for TA in
the global ocean. Additionally, the relationship between TA
and SSS is relatively more stable over the time and space in
the open oceans, which allows for accurate estimates of TA
to be made even in areas where direct measurements are not
available. Finally, the global ocean is a large and well-mixed
system, meaning that the variation in TA and SSS fields
is relatively small compared to the overall range of values.
This can make it easier to identify and derive a relationship
between these two variables using the SLR approach. Global
surface ocean TA estimation using the single global algorithm
has advantage of generating different spatial and temporal
TA maps without the need of smoothing techniques between
different oceanic regions/basins [19]. The newSLR algorithm
is simple in a mathematical and physical perspective and
more robust than the earlier approaches in estimating TAwith
an improved accuracy. This SLR approach is validated using
independent in-situ measurement data and its applicability
for the global ocean is demonstrated using satellite-derived
SSS data and the previously reported TA data products
with a spatial resolution of 1◦

× 1◦ for the reference year
2014 [4].

II. DATA
A. IN-SITU DATA
Global ocean surface in-situ measurements of TA and SSS
for model development and validation were obtained from the
Ocean Acidification Data Stewardship (OADS) data manage-
ment project within the National Oceanic and Atmospheric
Administration (NOAA) - National Centers for Environmen-
tal Information (NCEI) (https://www.ncei.noaa.gov/access/
oads/), which provides highly quality controlled, more pre-
cise and accurate data for the purpose of developing and
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TABLE 1. OADS in-situ data used for deriving the SLR formulation.

FIGURE 1. A map depicting the sampling locations and density of TA measurements in
global and regional oceanic waters used in this study.

validating the various ocean algorithms. The primary and
ancillary data are described in Tables 1 and 2 and their
measurement locations are shown in Fig. 1. The training and
validation datasets were extracted from the above database as
a good representation of coastal and offshore waters in the
Atlantic, Pacific and Southern oceans, which contain major
tropical and subtropical domains, major gyre systems, warm-
ing and stratification conditions, mixing and dilution pro-
cesses, and biological processes. The quality-controlled data
of approximately 16949 samples (for the period 1998-2018)

were split into two datasets with 11952 samples (approxi-
mately 70.51%, TA range: 2114-2463 µmol kg−1, and SSS
range: 32-37.7 PSU) for deriving the SLR algorithm and
4997 samples (∼29.49%, TA range: 1861-2412 µmol kg−1,
and SSS range: 25.6-36.8 PSU) for validating the results.
This is based on the spatiotemporal coverage and the satellite
data availability (Aquarius, the entire Aquarius data records
spans from 25 August 2011 to 7 June 2015; and SMAP,
7 July 2015 to present) (Tables 1 and 2). Although the model
development dataset is large and covers the major coastal
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TABLE 2. OADS in-situ data used for validating the SLR results.

and oceanic processes, the model validation dataset contains
relatively a smaller number of samples with the limited spatial
distribution across the global oceans. For more comprehen-
sive testing of the algorithm, additional 10188 samples (depth
< 5m, TA range: 1746-2468 µmol kg−1, and SSS range:
25-37.6PSU) from the Global Ocean Data Analysis Project
version2 (GLODAPv2) (https://www.glodap.info) was used
for the validation analysis.

B. SATELLITE DATA
To demonstrate the robustness of SLR approach for deriving
the spatiotemporal variability of global surface ocean TA,
the global mapped Level-3 SSS products from the Aquarius
sensor (spatial resolution: 1◦

× 1◦ and temporal resolution:
one week) were obtained from the National Aeronautics and
Space Administration (NASA) - Goddard Space Flight Cen-
ter (GSFC) (https://oceancolor.gsfc.nasa.gov). In addition,
similar Level-3 SSS products from the Soil Moisture Active

Passive (SMAP) sensor (spatial resolution: 70 × 70 km and
temporal resolution: daily data files for this product are based
on the SSS averages over an 8-day moving time window)
were obtained from the NASA - Jet Propulsion Laboratory
(JPL) (https://podaac.jpl.nasa.gov/SMAP). The NASA Sea-
WiFS Data Analysis System (SeaDAS) software was used
to process satellite data (Aquarius and SMAP). For satellite
validation analysis, matchups were established by averaging
the in-situ measurements corresponding to the satellite pix-
els at one-degree spatial resolution. Then the spatiotemporal
variability of surface ocean TA is described using monthly
and seasonal Level-3 SSS data for the reference year 2014 as
well as the global surface ocean TA products.

C. MODEL DESCRIPTION: THE THEORETICAL
FORMULATIONS OF TA FOR THE SLR APPROACH
The acid-base chemistry of ocean water is altered by the
intake of atmospheric CO2 and it affects the ocean carbonate
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chemistry parameters. TA is an important property to study
the calcification and dissolution processes and thus it pro-
vides useful context for understanding seawater carbonate
chemistry across the ocean. In natural waters, TA is pro-
duced by both carbonate (Bicarbonates, HCO−

3 and Carbon-
ate ions, CO2−

3 ) and non-carbonate (borate, B(OH)4; phos-
phate, PO3−

4 ; silicate, H2SiO
2−
4 ; and hydroxide, OH−) alka-

linities.

TA = [HCO−

3 ] + 2
[
CO2−

3

]
+

[
B (OH)4

]
+2

[
PO3−

4

]
+

[
H2SiO

2−
4

]
+[OH−]−[H+] ± minor constituents

(1)

The TA is dominated by the bicarbonate and carbonate ions
and thus determines the carbonate alkalinity (CA)

CA =
[
HCO−

3

]
+ 2

[
CO2−

3

]
(2)

Under the normal oceanic conditions, CA is an important
property that comprises 96% of TA and 5% of the other con-
tributions. These two chemical constituents (bicarbonate and
carbonate) in CA increase and decrease proportionately as the
SSS increases and decreases [2]. This dependency indicates
a good correlation of TA with SSS in near surface ocean
waters, which leads to many regional empirical algorithms.
The simple relation is given by

TA = f (SSS) (3)

This relation allowed to derive some regional-specific
linear empirical equations using in-situ data [4], [5], [7].
An expression of such algorithms is given by

TA = USSS + V (4)

Earlier studies have reported the inconsistencies and inac-
curacies in the TA products estimated by these algorithms.
To overcome these issues, the present study developed a new
empirical algorithm (SLR) using a large number (N= 11952)
of quality-controlled OADS in-situ data obtained from the
various oceans (such as Atlantic, Pacific, Indian and Southern
oceans) with greater spatial and temporal resolutions. The
new empirical formulation of this SLR approach is expressed
as

TA = 49.504SSS + 81.68 (5)

Because of the strong linear correlation of TA with SSS,
the slope coefficient is close to unity (Fig. 2) which indicates
that the SLR algorithm could be more robust and accurate
for generating the global TA maps. Although TA showed a
close correlation with SSS, there was a slight deviation in the
TA-SSS global relationship (Fig. 2) due to the influence of
edge case scenarios (nearshore, river mouth and upwelling
regions) and other seasonal effects caused by the net com-
munity production [4], [21]. The spatiotemporal variability
of surface ocean TA fields in these regions was controlled by
the influence of other complex physical and biogeochemical
parameters such as SST, sea surface current velocity, climatic

FIGURE 2. A relationship of the OADS in-situ measured TA versus SSS
data (N = 11952) from diverse range of oceanic waters (Atlantic, Pacific,
Indian and Southern Oceans.)

conditions, dissolved oxygen and nutrients (nitrogen, phos-
phorous, and silicate concentration) [4].

III. PERFORMANCE ASSESSMENT
The quantitative performance assessment of the SLR algo-
rithm was done using the standard statistical matrices (MRE,
MNB, RMSE, R2, slope and intercept). These statistical
parameters are described below

Mean relative error (MRE)

=
1
N

∑N

i=0

∣∣(TAestimated
− TAin−situ)

∣∣
TAin−situ (6)

mean normalized bias (MNB)

=

∑N
i=0

(
TAestimated

− TAin−situ)
N

(7)

root mean square error (RMSE)

=

√∑N
i=0

(
TAestimated

− TAin−situ)2
N

(8)

Residual error (RE)

= TAin−situ
− TAestimated (9)

The slope, intercept and correlation coefficient (R2) were
derived from the regression analysis. These statistical matri-
ces represent the systematic errors (MRE), random errors
(RMSE) and deviations (MNB, slope, intercept and R2)
between the in-situ and estimated TA values.

To assess the performance of the present SLR approach in
estimating the global TA fields, a large number of samples
was considered in this study (N = 27137, which include
16949 samples from the OADS data repository for model
development and validation purposes and 10188 samples
from the GLODAPv2 dataset for model validation purpose).
Based on the spatiotemporal coverage and satellite data avail-
ability (as discussed earlier), the OADS in-situ dataset was
randomly divided into two datasets – 11952 samples for
model development and 4997 samples for model validation.
The in-situ dataset used for model development contained
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the TA values in the range of 2114-2463 µmol kg−1 with
a mean of 2309 µmol kg−1 and an RMSE deviation of
11.19 µmol kg−1. The in-situ dataset used for model vali-
dation (15185 samples, which included 4997 samples from
the OADS in-situ data and 10188 samples from the GLO-
DAPv2 in-situ data) contained the TA values in the range of
1746-2468 µmol kg−1 with a mean of 2274.62 µmol kg−1

and an RMSE deviation of 21.43 µmol kg−1 (OADS RMSE
deviation: 9.31 µmol kg−1; GLODAPv2 RMSE deviation:
25.34 µmol kg−1).

Overall, the combined in-situ dataset used for both
model development and validation purposes contained the
TA values in the range of 1746-2468 µmol kg−1 with a
mean of 2289.79 µmol kg−1 and an RMSE deviation of
17.67 µmol kg−1. A slight RMSE deviations in the model
development data are owing to an overestimation of TA in
Antarctic and Indian Ocean waters and an underestimation
of TA in central Indian Ocean waters. The deviations in TA
occurred due to the influence of other parameters (nutri-
ents and dissolved oxygen) linked with the large irregular
inter-annual variability caused by the El Nino and La Nina
events, seasonal variations, and edge case scenarios [4]. The
present study did not include these parameters due to the lack
of accurate satellite-based models for global ocean applica-
tions [21]. The validation and inter-comparison of the present
SLR approach with existing TA models are presented in
‘‘Section IV. Results and discussion.’’

IV. RESULTS AND DISCUSSION
This section presents the statistical comparison results using
in-situ and satellite matchup data and the spatial distribution
and temporal variability of satellite-derived TA in global
ocean waters.

A. DIRECT AND DERIVED IN-SITU TA VALIDATIONS
To validate the SLR approach, approximately 4997 indepen-
dent OADS in-situ TA measurements were collected from
the different oceanic regions such as Atlantic Ocean (N =

3080), Pacific Ocean (N = 1322), and Indian Ocean (N =

595). In the Atlantic Ocean, the TA estimates from OADS
in-situ data (using SLR) agree well with measured data (MRE
0.003, MNB −4.672, RMSE 9.27, Slope 1 and R2 0.99). The
errors are relatively small compared to those of the Millero
et al. [5] Atlantic-Ocean regional TA equation (MRE 0.004,
MNB −7.728, RMSE 11.89, Slope 1.04 and R2 0.99). In the
Pacific Ocean, SLR produced the improved results (MRE
0.003, MNB 3.025, RMSE 10.40, Slope 1.02 and R2 0.98) as
compared to theMillero et al. [5] regional TA equation (MRE
0.007,MNB−11.876, RMSE 19.22, Slope 1.13 andR2 0.98).
In the Indian Ocean, SLR estimated TA with small errors
and high slope and correlation coefficients (MRE 0.002,
MNB −0.584, RMSE 6.64, Slope 1.11 and R2 0.96) when
compared to the results from the Millero et al. [5] regional
equation (MRE 0.008, MNB −19.025, RMSE 25.71, Slope
1.55 and R2 0.96). The overall performance of SLR was also
excellent considering all the regional OADS in-situ samples

(MRE 0.003, MNB −2.149, RMSE 9.31, Slope 1 and R2

0.99). These results were obtained from the OADS in-situ
validation data shown in Fig. 3 (a, e, i, and m) and Table 3.

B. SATELLITE TA VALIDATION
To validate the satellite-derived TA products using in-situ
data, the TA estimates from the SLR algorithm based on the
satellite SSS products (Aquarius and SMAP) were compared
with independent OADS in-situ data. For this analysis, a total
of 4997 independent OADS in-situ TA samples were used.
Due to cloud coverage, missing scanlines, and missing satel-
lite SSS data, the number of matchup data reduced to 3008.
Because the OADS in-situ TA measurements are continuous
and the corresponding satellite-based TA are produced at a
spatial resolution of 1◦

× 1◦ degrees, it was necessary to
generate matchup data by converting OADS in-situ obser-
vations into the 1◦ spatial resolution satellite derived TA
products. Due to heavy cloud coverage and missing scan
lines in the daily satellite derived ocean color products, there
were fewer matchup data reported in earlier studies [22].
To overcome this limitation, the present study used eight-day
composite binned images of Aquarius SSS products for satel-
lite validation analysis. Similarly, the SMAP daily data files
are based on the SSS averages over an 8-day moving time
window. Since the temporal variability of SSS is small as
compared to the spatial variability [2], the present study did
not include the temporal matchup analysis for the purpose
to ensure more validation points in the satellite validation.
This yielded approximately 522 co-located TA and SSS data
samples, of which 290 samples were from the Atlantic Ocean,
106 samples from the Pacific Ocean, and 126 from the Indian
Ocean. The independent OADS in-situ (direct and derived)
and satellite validations were carried out with these data and
the results were compared with the Millero et al. [5] regional
algorithm outputs. Figure 3 shows the scatter plots of in-situ
(third row) and satellite validation (fourth row) results from
the SLR and Millero et al. [5] regional regression equations
after the removal of points with no satellite data and binning
to 1 degree spatial resolution, whereas figure 4 shows the
corresponding line plots (first and second row) and error plots
(third and fourth row). Statistical comparison of in-situ and
satellite validation results were shown in the Table 4 (A) and
Table 4 (B) respectively. Whereas, a global map showing the
residual error between in-situ TA versus in-situ derived TA
and satellite derived TA data are shown in figure 5 (c&d).
This validation analysis showed a close consistency of the

OADS in-situ TA with SLR-derived TA data (MRE 0.002,
MNB −0.581, RMSE 8.365, Slope 1.009, R2 0.98) and
satellite-estimated TA data (MRE 0.004, MNB 2.212, RMSE
13.714, Slope 0.941, R2 0.95). The small errors and high
correlation coefficients indicate that the SLR approach is
robust in estimating the TA fields in the global oceans with
the desired accuracy. As the TA is dependent on the SSS,
a comparison of the OADS in-situ SSS data with satellite
derived SSS data (from Aquarius and SMAP) was conducted
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FIGURE 3. The OADS in-situ and satellite validation results based on the data from the Atlantic (a-d), Pacific (e-h), Indian (i-l), and
global oceans (m-p). MM-Millero model; SLR-Single Linear Regression (SLR) approach; IV- In-situ validation; ITA- In-situ measured
TA; SV – Satellite validation. The global oceans represent the combined (Atlantic, Pacific, and Indian) validation results.

as shown in Fig. 3 (b, f, j, and n), where the in-situ measured
SSS agree well with satellite-estimated SSS data as con-
firmed by the statistical matrices (MRE 0.005, MNB 0.056,
RMSE 0.252, Slope 0.93, R2 0.96). A slight deviation of the
satellite-derived SSS could be caused by diurnal SSS fluctu-
ations and the difference between spot OADS in-situ obser-
vations and satellite pixel measurements [23], [24]. Table 5
shows the statistical comparison results for the OADS in-situ
and satellite-derived SSS data.

C. GLODAP TA VALIDATION
To further examine the accuracy and robustness of the SLR
approach, the recently published GLODAPv2 data collected
from discrete locations were used (https://www.ncei.noaa.
gov/access/ocean-carbon-data system/oceans/GLODAPv2_
2021). To include more spatial and temporal coverage in

the validation datasets, samples measured at depth <5 m
were used for validation analysis. This leads to approximately
10188 samples, which are used to validate the SLR derived
TAwith in-situ measured GLODAPv2 data. The GLODAPv2
in-situ validation data are a good representation of coastal and
open ocean waters, which contain major tropical and subtrop-
ical domains, major gyre systems, warming and stratification
conditions, mixing and dilution processes, and biological
processes in the Atlantic, Pacific and Southern oceans.

The GLODAPv2 in-situ based TA validation results indi-
cated small errors (MRE 0.007, MNB −1.73, and RMSE
25.34 µmol kg−1), a high slope (1.02), and a high cor-
relation coefficient (R2 0.94). It should be mentioned that
some of the GLODAPv2 in-situmeasurements come from the
edge case scenarios (nearshore, river mouth, and upwelling
regions), which lead to a slightly higher RMSE (25.34 µmol
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FIGURE 4. The OADS in-situ and satellite validation line plots (first and second rows) and residual error plots (third and fourth
rows) based on the data from the Atlantic (a-d), Pacific (e-h), Indian (i-l), and global oceans (m-p). MM-Millero model; SLR-Single
Linear Regression (SLR) approach; IV- In-situ validation; and SV – Satellite validation. The global oceans represent the combined
(Atlantic, Pacific, and Indian) validation results.

kg−1) deviations. The higher RMSE may be attributed to
these facts: i) some of the GLODAPv2 in-situ validation
points are located in the equatorial Pacific zone, where the
large variation points of surface ocean TA are dominated
by eddy mixing, high precipitation and evaporation rates,
and the large irregular interannual variability is caused by
ocean dynamics during the El Nino and La Nina events [4],
ii) Although the seasonal variation of surface ocean TA is
very small in the tropical and subtropical regions, large sea-
sonal variations of TA associated with the biological activ-
ities in the polar and subpolar regions leads to the large
difference of TA up to 30 µmol kg−1 [4], and (iii) most of
the edge case GLODAPv2 in-situ validation points belong
to coastal waters. In such edge cases, the surface ocean
TA variations are controlled by the complex processes,

such as physical (evaporation and precipitation), biologi-
cal (photosynthesis and oxidation of organic matter), and
non-conservative processes (production and dissolution of
CaCO3).These processes are in turn controlled by SST, SSS,
dissolved oxygen and nutrients (nitrogen, phosphorous and
silicate concentration) [21]. The present study included the
edge case scenarios data in the model development and val-
idation datasets, but the related governing control parame-
ters (such as dissolved oxygen and nutrients) are excluded
in the model formulations due to the lack of accurate and
precise satellite-based models applicable to global oceanic
waters.

Further validation was carried out using the global surface
ocean TAmaps obtained from theGLODAPv2 climatological
SSS data (SLR) and direct GLODAPv2 surface ocean TA
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TABLE 3. Statistical comparison of the OADS in-situ validation (direct and derived) results from the SLR and Millero et al. [5] regional regression
equations.

TABLE 4. (a). Statistical comparison of the OADS in-situ validation results from the SLR and Millero et al. [5] algorithms. These data were selected after
eliminating points with no satellite data and binning to 1-degree spatial resolution. (b) Statistical comparison of the satellite validation (with the OADS
in-situ data) results from the SLR and Millero et al. [5] algorithms. These data were selected after eliminating points with no satellite data and binning to
1-degree spatial resolution.

climatological data, which were used to generate the residual
error (Fig. 9) and histogram plots (Fig.10). Figure 9 demon-
strates the spatiotemporal comparison of the SLR-derived
TA with GLODAPv2 data. This comparison shows that
the SLR-derived TA structures are closely consistent with

GLODAPv2 data with an RMSE deviation of 10-30 µmol
kg−1. A small deviation between these two datasets could
come from the difference/ inconsistency in the SSS cli-
matological data and direct GLODAPv2 climatological
data.
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TABLE 5. Statistical comparison results for the OADS in-situ and
satellite-derived SSS data.

TABLE 6. Regional- and global-scale empirical surface ocean TA
approaches.

1) INTER-COMPARISON OF THE EXISTING GLOBAL TA
STUDIES USING THE GLODAPv2 DATA
To examine the performance of SLR in producing the precise
global surface ocean TA fields and their in-comparison with
the past TA studies, two global empirical formulations for TA
as proposed by Lee et al. [3] and Takahashi et al. [4] were
considered in this work. Lee et al. [3] classified the global
oceans into five ocean regimes according to the latitude and
longitude and SST and SSS fields. Based on the range of SST
and SSS, they categorized the surface ocean TA data (depth
< 30m) and derived an empirical formulation to estimate
regional TA fields as a quadratic function of the SST and
SSS for each ocean regime. The results of these regional
empirical formulations were compared with those of the SLR
approach using 21826 samples (depth < 30m) obtained from
the GLODAPv2 in-situ dataset. Table 7 shows the statistical
comparison results for the SLR and Lee et al. [3] approaches.
Note that the SLR yielded similar statistical values (MRE
0.398, RMSE 10.94, and R2 0.94) as the Lee et al. [3]
formulation (MRE 0.365, RMSE 11.42, and R2 0.93) but with
global and regional applicability.

Similarly, Takahashi et al. [4] divided the global oceans
into 33 regions and derived a linear empirical equations to
estimate surface ocean TA (depth < 50 m) as a function of
the SSS for 27 of the regions. For evaluating the SLR and
Takahashi et al. [4] approaches, a total of 42306 samples
(depth < 50m) from the GLODAPv2 in-situ dataset were
used. Table 8 shows the statistical comparison results for the
SLR and Takahashi et al. [4] equations. Although the results

FIGURE 5. Residual errors in the OADS in-situ calibration data (Left
panels: (a) histogram plot, and (b) in-situ derived TA) and validation data
(Right panels: (c) in-situ derived TA, and (d) satellite derived TA.)

are slightly improved by the Takahashi et al. [4] formulation
in certain regional waters, its global applicability was reduced
as the SLR estimated the global TA fields more accurately
than their algorithm (MRE 0.701, MNB −0.168, RMSE
17.82, and R2 0.88 for SLR approach; MRE 0.786, MNB
0.532, RMSE 21.17, and R2 0.88 for the Takahashi et al. [4]
formulation.

D. SPATIOTEMPORAL VARIABILITY OF GLOBAL SURFACE
OCEAN TA
A detailed knowledge of the spatiotemporal variability of
the global surface ocean TA is crucial for understanding
the global ocean carbon cycle, acidification, and other car-
bonate chemistry dynamics in the ocean. The surface ocean
TA varies depending on the various physical, biological,
and chemical processes which determine the concentrations
of the ocean chemical constituents (carbonate, bicarbon-
ate, phosphate, silicate and other minor constituents). The
increase or decrease of these chemical constituents’ contents
is directly proportional to the SSS variations as there is a
strong linear correlation between the ocean SSS and TAfields
[2], [3], [4], [5], [19]. Also, the spatial variability of TA and
SSS is greater than their temporal variability in most oceanic
waters. For example the TA fields exhibit less variation in the
Southern Hemisphere than in the Northern Hemisphere due
to the reduced SSS variation [2].

The spatial distribution and temporal variation of TA and
SSS in global and regional ocean waters produced by SLR
are shown in Figs. 6 & 7 for the reference year 2014. There
were three primary reasons for selecting the reference year
2014; (i) The availability of independent in-situ TA valida-
tion data, (ii) The availability of in-situ and satellite-based
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FIGURE 6. Global maps of Aquarius Level-3 SSS and the corresponding satellite-derived TA data
at 1◦ × 1◦ spatial resolution for four seasons: Winter (a and b, January-March), Spring (c and d,
April-June), Summer (e and f, July-September), and Autumn (g and h, October-December) for the
reference year 2014.

climatological TA maps for the reference year 2014 (for
the purpose of graphical inter-comparison with the previous
studies on the global ocean TA [2], [4]), and (iii) Krishna
et al. [24] recently published a study that demonstrated the
spatiotemporal variability of partial pressure of carbon diox-
ide (pCO2) fields (monthly and seasonal) for the reference
year 2014, which motivated us to conduct a similar study and
produce global TA fields for this reference year.

In the equatorial region, TA is less than 2300 µmol kg−1

and displays less variation like SSS due to heavy precipitation
events. In stratified tropical and subtropical ocean regions
(Fig. 6), TA (>2300) increases to a maximum value like
SSS due to excessive annual evaporation events. Such high
evaporative ocean regions within the subtropical gyres are
characterized by very high TA (>2450) and SSS and the
Atlantic subtropical gyres are highest of the other subtrop-
ical regions. Figure 6 (b, d, f and h) shows the subtropical

regions of the North and South Atlantic with the highest TA
(compared to other global ocean regions) and SSS as the
result of the high evaporation to precipitation (E/P) ratios
[2], [3], [5].

In polar and subpolar regions, seasonal TA variation is
maximum due to the E/P ratio. The seasonal variations of
TA in polar and subpolar regions (Fig. 6) are corroborated by
the earlier studies. The seasonal variability of TA in surface
ocean waters is a complex interplay of physical, chemical
and biological factors. It is important to increase our under-
standing of this variability to predict the impact of climate
change on ocean chemistry and global carbon cycle. It should
be noted that TA exhibits the relatively low seasonal and
inter annual variability within the seawater CO2 chemistry
system [2], [3], [4], [19], [25]. However, it is crucial to
monitor and account for these changes due to the significant
role of TA in oceanic anthropogenic carbon storage and its
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TABLE 7. Statistical GLODAPv2 in-situ comparison results from the SLR and Lee et al. [3] regional regression equations. To be consistent with the surface
layer defined in Lee et al. [3], samples measured at depths <30 m were considered for this inter-comparison analysis. L-06 depicts the Lee et al. [3]
equation.

TABLE 8. Statistical GLODAPv2 in-situ comparison results from the SLR and Takahashi et al. [4] regional regression equations. To be consistent with the
surface layer defined in Takahashi et al. [4], samples measured at depths <50 m were considered for this inter-comparison analysis. T-14 depicts the
Takahashi et al. [4] equation.

ability to buffer changes in seawater potential of hydrogen
(pH) concentration.

The magnitudes of TA are high in Arabian Sea waters due
to the upwelling process and low in Bay of Bengal waters
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FIGURE 7. Spatiotemporal variability of global monthly surface ocean (a) SSS and (b) TA at 1◦ × 1◦ spatial resolution for the reference year 2014.

FIGURE 8. Comparison of the TA estimates from SLR with GLODAPv2
in-situ surface ocean discrete data (N = 10188) obtained from the
samples at depths <5 m (considered for the validation analysis).

due to the freshwater inputs [26], [27]. The surface ocean
TA ranged from 2250 to 2500 µmol kg−1 in Atlantic Ocean
waters, 2100 to 2400 µmol kg−1 in Pacific Ocean waters,
and 2200 to 2380 µmol kg−1 in Southern and Indian Ocean
waters (Fig. 6). These spatiotemporal magnitudes of TA as
estimated by the SLR approach are well consistent with the
previous studies [3], [4], [5], [19].

Furthermore, the TA fields (generated by the present SLR
approach) were compared with the in-situ based climatolog-
ical TA maps of Takashi et al. [4] and satellite based TA
maps of Fine et al. [2]. In general, the spatial patterns of the
global surface ocean TA fields of the present study are closely

FIGURE 9. Spatiotemporal variability of the global surface ocean
climatology of (a) GLODAPv2 SSS, (b) GLODAPv2 TA, (c) SLR TA, and
(d) Residual error at 1◦ × 1◦ spatial resolution for the period 1972-2020.

consistent with those of Takashi et al. [4] and Fine et al. [2]
with a little difference of about 10 to 25 µmol kg−1.
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FIGURE 10. The residual error calculated between the in-situ measured
GLODAPv2 data and the corresponding SLR derived TA data.

V. CONCLUSION
A simple and straightforward algorithm was developed
based on SLR approach and rigorously validated with the
regional and global in-situ data and its relative merits was
assessed by comparison with the results from three exist-
ing algorithms. The results showed the global applicabil-
ity and robustness of the SLR approach when compared
to the existing algorithms in estimating surface ocean TA
fields in the regional and global oceans. The SLR algorithm
can produce the spatial (basin/global scale) and temporal
(daily/monthly/seasonal/annual) resolution TA global maps
without involving a smoothing technique across latitudes
and longitudes and ocean basins. The SLR algorithm could
become a promising tool to estimate global surface ocean
TA fields, which would further enhance our present under-
standing of the global carbon cycle, air-sea CO2 fluxes,
ocean acidification and other carbonate chemistry parame-
ters. Moreover, the global surface ocean pCO2 and pH fields
can be estimated from the inorganic carbonate chemistry
calculations with the inputs of TA and dissolved inorganic
carbon (DIC) data. The global surface ocean TA and pCO2
[24] with certain input/output boundary conditions (SST,
SSS, pressure and phosphate concentrations) are necessary
for estimating the surface DIC, pH, saturation states of calcite
and aragonite, and other carbonate chemistry parameters. The
error in the SLR-based TA estimates is significantly small
and could be influenced by the underlying physical and bio-
geochemical processes (upwelling, formation and destruction
of organic matter, and cold regimes in the polar oceans)
especially in high nutrient regions [28]. Our future work
would aim to improve the spatiotemporal accuracy in ocean
surface TA estimates by using more regional-specific in-situ
data collected from the diverse oceanic regimes.
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