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Space Observation of Carbon Dioxide Partial
Pressure at Ocean Surface

W. Timothy Liu , Senior Member, IEEE, and Xiaosu Xie

Abstract—We have developed and validated a statistical model
to estimate the partial pressure (or fugacity) of carbon dioxide at
the sea surface from space-based observations of sea surface tem-
perature, chlorophyll, and salinity. More than a quarter million
in situ measurements coincident with satellite data were compiled.
A portion of the data was randomly selected to train and vali-
date the model. We have produced and made accessible nine years
(2002–2011) of the partial pressure at 0.5° and daily resolutions
over the global oceans. The outputs are found to be sensitive to
variability from intraseasonal to interannual time scales and from
the equatorial to high-latitude oceans. They can capture known
phenomena, such as, annual spring blooms at high latitudes, inter-
annual episodes of El Niño, and westward propagation of tropical
instability waves. The feasibility of using a single algorithm to map
the partial pressure over global oceans for all seasons is demon-
strated. The result is important for characterizing the sources and
sinks of atmospheric greenhouse gas and ocean biogeochemistry.
We discuss the significance of the Advanced Scanning Microwave
Radiometer in the consistent measurement of sea surface temper-
ature, which is the main driver of ocean carbon dioxide change, in
cold and warm waters, under clear and cloudy sky. The continuous
and consistent coverage of the partial pressure over global ocean
using space-based data is discussed.

Index Terms—Acidification, carbon dioxide (CO2), chlorophyll,
greenhouse warming, salinity, satellite measurements, sea surface
temperature (SST).

I. INTRODUCTION

CARBON and water cycles are important to weather, cli-
mate, ecology, and human livelihood. The two cycles are

closely linked. The alarmingly rapid increase of global atmo-
spheric carbon dioxide (CO2 ) content has been well documented
[1] and is ascribed as the main factor in global warming. The net
influx of CO2 to the ocean causes change in the carbonate sys-
tem, referred to as ocean acidification. Significant acidification
will be deleterious to many marine life forms and ecosystems.
We know approximately that oceans absorbed 26% of the CO2
we emitted between 2005 and 2014 [2], and ocean’s acidity in-
creases by 26% since the start of the industrial revolution [3],
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but we know much less about the temporal-spatial distribution
of the CO2 exchange. The CO2 partial pressure at ocean surface
is critical in determining the exchange.

The net CO2 flux between the ocean and the atmosphere has
been parameterized in terms of a transfer (piston) velocity and
(ΔpCO2), which is the difference between the partial pressure
of CO2 in the sea (pCO2s) and that in the air (pCO2a) near
the surface. The modeling of the transfer velocity in term of
wind speed has been extensively investigated, and the advan-
tage of space-based measurement of wind speed in providing
the needed temporal and spatial resolutions have been demon-
strated [4]–[8]. With the new perspective of retrieving ocean
surface stress and roughness directly from measured backscatter
[9], by-passing wind retrieval, improvement of piston velocity
estimation is being pursued [10], [11]. Other factors, such as
surfactant [12]–[15], and bubbles [16] have also been studied.
Oceanic processes have smaller spatial scales than atmospheric
processes, and the result is that pCO2a has less spatial variability
than pCO2s. The annual ranges (annual maximum–minimum)
of pCO2a are much less than those of pCO2s over most of the
oceans [17]. It is generally believed that pCO2a has much less
temporal changes than pCO2s. This study is focused on the
estimation of pCO2s.

In many studies, the fugacity of CO2 (fCO2) is used in place
of pCO2 to distinguish between the real partial pressure instead
of the partial pressure of an ideal gas. For an ideal gas, fugacity
equals partial pressure. The conversion of one to another re-
quires knowledge of pressure, temperature, and mole fraction
of CO2 in dry air (xCO2) [18]. The difference between fCO2
and pCO2 is generally small compared with the uncertainties of
our model output. For fixed pressure at 1013 mb and xCO2 of
350 ppm, changing temperature from –5 °C to 30 °C changes
the differences between fCO2 and pCO2 by less than 0.2%. With
fixed temperature at 25 °C and xCO2 = 350 ppm, changing p
from 1013 to 900 mb changes the differences between fCO2 and
pCO2 by less than 0.3%. This study is directed to pCO2 .

pCO2s has been measured largely on ships (see Section IV).
The conventional methods are not sufficient to characterize spa-
tial and temporal variability. There were efforts to relate pCO2s
to more readily available measurements, which are believed to
be drivers of pCO2s variation. The variation of the ocean sur-
face carbon system parameters and the relations among them are
mainly driven by thermodynamics. Water temperature controls
the solubility of CO2 and is a main driver. Biological activ-
ity is another obvious driver. Removal and addition of CO2 by
plankton photosynthesis or respiration is a significant cause of
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the variation. Chlorophyll is essential in photosynthesis, allow-
ing plants to absorb energy from light. The measurement of
chlorophyll-a (Chl-a) is used as an indication of biological ac-
tivity. Sea surface salinity (SSS) is known to be closely related
to alkalinity and is also an important driver, particularly over
regions with strong fresh water input near river discharge and
where significant difference between evaporation and precipita-
tion exits. Previous empirical formula to relate pCO2s to these
parameters and their deficiencies are discussed in Section II.

We have been collecting in situ measurements of pCO2s for
decades, starting with those from the cruises of the Joint Global
Ocean Flux Study and World Ocean Circulation Experiment, in
parallel with other national and international efforts. In 2011,
we decided to collocate them with space-based measurements
of sea surface temperature (SST) and Chl-a to train a model for
deriving pCO2s [20]. Space-based SSS measurements were not
sufficient and climatology was used. Satellites offer continuous
synoptic views of the ocean and we assume their observations
reflect the temporal-spatial variations of pCO2s.

The quantification of the long-term rise in atmospheric green-
house gas and global warming is a very important justification
to determine pCO2s. The difficulty of building continuous and
consistent long time series of satellite observations makes it
difficult to address the climate problem. Satellite observations,
however, are most useful in characterizing temporal-spatial vari-
ations over the global oceans from intraseasonal to interannual
time scales. Beside the change of atmospheric CO2 accumula-
tion, pCO2s is also needed to study the changes in ocean bio-
geochemistry, which is not confined to climate scale. The ocean
carbon system is described by four key parameters: pCO2s, pH
(a scale to specify acidity or basicity of sea water), total alka-
linity, and dissolved inorganic carbon. Knowing two of them
will be sufficient to solve the chemical equations for the whole
system [19].

The tool to build the statistical model is described in Sec-
tion III. The collected in situ measurements and the collocated
space-based data to train the model are summarized in Sec-
tions IV and V. The statistical model and its validation with the
ensemble data are described in Section VI. The best validation
is through applications. The capability of the data in describing
the seasonal cycles from the subtropical to extratropical oceans,
the spring bloom in the high-latitude oceans, the interannual
anomalies associated with El Niño, and the propagation of the
intraseasonal tropical instability waves (TIW) in the equatorial
Pacific are demonstrated in Section VII.

II. TRADITIONAL METHODS AND DEFICIENCY

Space-based sensors do not measure the flux or pCO2s di-
rectly. Attempts have been made to establish regional and sea-
sonal relations between pCO2s and variables that are more read-
ily measured. For example, Stephens et al. [21] produced a
statistical relation between pCO2s and SST from nine cruises
across the Pacific between 1984 and 1989. He concluded that
the relation is sufficient to estimate pCO2s from satellite SST
over the oligotrophic subtropical Pacific, but not over the eu-
trophic Northwest Pacific, with significant primary production.

Many algorithms to relate pCO2s to SST followed, in the Ara-
bian Sea [22], in the Greenland Sea [23], in the Sargasso Sea
[24], and in the equatorial Pacific [25], but their applicability is
limited by geographical region, season, and time scale, depend-
ing on the data used to develop the relation. Chl-a was added to
SST in later studies, in North Pacific [26] and South China Sea
[27]. Sarma et al. [28] used meridional transects to build algo-
rithms via dissolved inorganic carbon, using multivariate linear
regression, but they computed basin-wide, monthly maps us-
ing satellite data and found large discrepancies in some regions
of the ocean basin. Instead of developing the algorithm using
only in situ measurement, Padin et al. [29] were the first one
to regress in situ measurement of pCO2s with overpass satel-
lite observations of SST and Chl-a, but this was only limited
to cruises in the Bay of Biscay. Salinity and alkalinity are also
related to pCO2s in some of these studies. These studies mostly
use multiple linear regression or polynomials.

The neural network approach was later applied to estimate
pCO2s. Lefevre et al. [30] compared two methods: neural net-
work and linear regression in deriving the monthly distribution
of pCO2s in the Atlantic subpolar gyre. The neural network
approach has better accuracy with root-mean-square (RMS) er-
ror of 3–11 μatm. Telszewski et al. [31] derived the monthly
pCO2s in the North Atlantic by applying a self-organizing map
neural network; the RMS error was 11.6 μatm. Friedrich and
Oschlies [32] estimated and validated monthly pCO2s in the
North Atlantic, using a self-organizing neural network trained
by outputs from a biogeochemical model. The monthly pCO2s
had an RMS error of 15.9 μatm.

In almost all studies, the relationships between pCO2s and
other parameters are developed with coincident measurements
on cruises, mostly covering a limited region and a particular sea-
son. The correlation coefficients between pCO2s and oceanic
parameters change from positive to negative over various re-
gions, as revealed by the correlation maps in Section VII-A.
A single universal linear or polynomial regression, as derived
in these studies, would not work over the global oceans across
all seasons. Multiple relations covering different regions and
seasons would have strong boundary discontinuity problems.
Based on support vector regression (SVR) as described in Sec-
tion III, with location and time (season) as input parameters,
we have developed a universal model for continuous and global
coverage, as described in Section VI.

III. SUPPORT VECTOR REGRESSION

Support vector machine (SVM) is used in this study to
derive pCO2s using space-based observations. Major appli-
cations of SVMs include classification, regression, and time
series prediction. The SVMs for regression are referred as
SVR, which derives the relationship between input and out-
put. A comprehensive tutorial of SVR was given by Smola and
Schölkopf [33].

The mathematical expressions of SVM are summarized by
Xie et al. [34]. The theoretical basis of SVMs originates from
statistical learning theory [35]. SVMs essentially translate a
nonlinear problem to a linear one by mapping the input into
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Fig. 1. Collocated pCO2 s measurements with satellite observations during 2002–2010. The pCO2 s data came from all sources available in 2012, as described
in Section IV.

a high-dimensional feature space, and fit a linear model in the
feature space. The solution of the optimization is unique, which
overcomes the problem of converging to locally optimal so-
lutions suffered by neural networks, although neural network
can be competitive if it is optimally set up for some applica-
tions. The approach is relatively easy to use, because there are
only a few parameters to adjust. The simple setting of SVR,
with the data training only based on support vectors, avoids
over-fitting of the training data. By using the standard quadratic
programming algorithms, only one global optimum is achieved.
Mapping inputs into high-dimensional feature space and intro-
ducing a kernel function can solve the nonlinear relationship
between inputs and outputs by turning a nonlinear regression
into a linear fitting.

For the regression algorithms in this study, a large training
dataset is needed in order to represent global coverage with
space and time dependencies. The accuracy of SVR depends on
selection of the two hyper-parameters and the kernel parameter
to optimize the retrieval algorithms [34]. The initial values of
the parameters are empirically estimated from the training data
based on previous studies. Then only one parameter varies until
the optimized correlation between the trained output and the
measurement data is found. Xie et al. [34] have demonstrated
that SVMs outperform linear regression and neural network
in estimating moisture advection by reducing the bias and the
standard deviation in comparison with observations, and the
results include more accurate extreme values.

IV. In Situ MEASUREMENTS

The in situ measurements of surface ocean pCO2s used to
train and validate the statistical model are collected from various
available sources. The database archived at the Lamont–Doherty
Earth Observatory (LDEO) contains a large part of the pCO2s
measurements, which have been contributed by many institu-
tions from the United States and other countries. Approximately
6.7 million surface ocean pCO2s observations were made from
1957 to 2012 [36]. The in situ dataset also include those from

these programs: the global Volunteer Observing Ship project, the
Global CO2 Time-series and Moorings Project, the International
Climate Variability Program Global Ocean Carbon and Re-
peat Hydrography Program, the Global Coastal Carbon DATA
Project along the east/west coasts of North America and Euro-
pean coasts, the GLobal Ocean Data Analysis Project, cruises
over the Pacific from PACIFic ocean Interior CArbon, ongoing
cruise measurements conducted by the Atlantic Oceanographic
and Meteorological Laboratory and the Pacific Marine Envi-
ronmental Laboratory (PMEL), the open ocean moorings and
coastal observation network developed by PMEL, the CARbon
dioxide IN the Atlantic Ocean (CARINA) data synthesis project
[37], and the North Pacific Marine Science Organization. The
LDEO database partly overlaps with these data. All data are
distributed through the Carbon Dioxide Information Analysis
Center (CDIAC). The CARINA data output of total dissolved in-
organic carbon (TCO2) [38] was converted to pCO2s following
the program developed for CO2 systems by Lewis and Wallace
[39], along with alkalinity, temperature, salinity, and pressure.
The calculated pCO2s data are only a very small portion of the
measured data.

Our dataset was presented at the inaugural meeting of the
Surface Ocean CO2 Atlas (SOCAT) at UNESCO, Paris, in 2011
[40]. SOCAT is an international program to collect and man-
age all publicly available underway pCO2s data from the global
oceans [41]. Much of our data overlaps with and is a major part
of SOCAT collection. We absorbed additional data from SO-
CAT and made use of their data control protocol after the meet-
ing. We were able to compile about 250 000 quality-controlled
measurements between 2002 and 2010, coincident with satellite
measurements of SST and Chl-a, as shown in Fig. 1.

Time series at four stations are used to evaluate the data prod-
ucts. The station locations are marked in Fig. 2(a). Monthly
measurements for 9 years are from the Hawaii Ocean Time-
series (HOT) [42] at Station ALOHA (22°45’N, 158°00’W)
and the Bermuda Atlantic Time-series Study (BATS) [43] near
Bermuda (64 °W, 32 °N). Data at the Kuroshio Extension Ob-
servatory (KEO) at 32.4 °N, 11.6 °E and the Japanese Kuroshio
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Fig. 2. Maps of 2007 pCO2 s for (a) yearly mean and (b) standard deviation of daily model outputs. The boxes in (a) are explained in Section VII. The stations
marked in (a) are identified in Section IV.

Extension Observatory (JKEO) at 38 °N, 146.6 °E, with much
shorter time series were also used to illustrate the latitudinal
change of governing factors.

V. RELATED SPACE-BASED DATA

Microwave radiometers at certain frequencies have the ad-
vantage of measuring SST uninterrupted by cloud and water
vapor contamination [44]. Despite early calibration problems
of the Scanning Multichannel Microwave Radiometer, Liu [45],
[46] was able to use the sensor to observe El Niño changes
and to estimate ocean surface latent heat flux. Continuous mea-
surements over the tropical oceans have been provided by the
Tropical Rainfall Measuring Mission Microwave Imager (TMI)
between 1997 and 2015. TMI used only the 11-GHz channel
to retrieve SST; this channel is less sensitive in the cold water
of high-latitude oceans [47]. The Advanced Microwave Scan-
ning Radiometer for the Earth Observing System (AMSR-E),
on board NASA’s Aqua satellite, was launched in May 2002. It
has global coverage and an additional channel at 7 GHz to opti-
mize SST retrieval in cold water. SST from AMSR-E, averaged
to 0.25° by 0.25° grids for ascending and descending paths, was
obtained from Remote Sensing Systems [48] and used in this
study.

For several decades, chlorophyll concentration based on re-
motely sensed variations in ocean color have been used to derive

global phytoplankton productivity, e.g., [49]. Explicit represen-
tation of physiological processes remains elusive in primary
production models [50], but variable chlorophyll florescence
measured by space-based sensors is the most sensitive signal
detectable in the upper ocean that reflects instantaneous photo-
physiology of phytoplankton. The signal to noise ratio of such
measurements has been found to be low in oligotrophic regions
[51]. Chl-a data we used were derived from a combination of
measurements by the Sea-viewing Wide Field-of-view Sensor
(SeaWiFS) and the Moderate-Resolution Imaging Spectrora-
diometer (MODIS) on both Terra and Aqua [52]. The daily
Level 3 standard mapped image product has a spatial resolution
of 9 km. Because clouds, aerosols, and sunlight availability af-
fect the MODIS measurements, large data gaps exist on the daily
maps. Both spatial and temporal smoothing/averaging were ap-
plied to the Chl-a data to fill data gaps.

VI. STATISTICAL MODEL AND VALIDATION

A statistical model has been developed to retrieve pCO2s
from space-based observations using SVR. The training data
are constructed as follows. The target data are daily averages
computed from combined in situ pCO2s observations over the
global oceans as described in Section IV. Only data starting
from 2002, with collocated satellite data have been used in de-
veloping the statistical model. The input data include satellite
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Fig. 3. Bin-averaged pCO2 s from model versus observed pCO2 s. 40000 ran-
domly selected observations for 2002–2010, independent from data used to train
the statistical model are used. Standard deviation is superimposed on each bin
average as error bars.

data described in Section V, which are daily averages of col-
located SST from AMSR-E and Chl-a from SeaWiFS/MODIS.
Climatological SSS data [53] were also used in training. The
day of year, longitude, and latitude were also included in the
training as inputs. Time and longitude are taken in the forms of
sine and cosine because of their periodicity. The input param-
eters and the target data (x), except for time and longitude, are
normalized as: x′ = (x − x̄)/σ where x̄ and σ are the mean and
standard deviation of x.

After we reserved a set of 40 000 randomly selected data
groups from the total dataset described in Sections IV and V for
validation, we randomly selected another 40 000 data groups
to train the model. With the model, nine years (2002–2011) of
pCO2s, at 0.5° and daily resolutions are produced. The maps
for one year (2007) are shown in Fig. 2 as an example. They
are in general agreement with climatology [17]. The yearly
means have high values just south of the equator in the Pacific
and Atlantic Oceans and low values over the western boundary
currents. The standard deviations of the daily data show coherent
patterns that require further analysis.

The validation is shown in Fig. 3. For the 40 000 data pairs at
0.5° and daily resolution, the mean difference between model
predictions and measurements is –0.17 μatm and the RMS dif-
ference is 16.37 μatm; the latter is 6% of the data range of
approximately 270 μatm. Assuming 28° of freedom, the RMS
error of daily data is equivalent to 3.1 μatm for a monthly mean.
In actual practice, the decorrelation time scale would be longer
than a day, and the RMS error for monthly mean would likely be
between 3.1 and 16.37 μatm. As a common problem to compu-
tation of turbulent flux through bulk parameterization, ΔpCO2
required to compute the flux is a small difference between to
two large values, and may require more stringent accuracy than
available for pCO2a or pCO2s, depending on location and time
[54]. Fig. 3 also shows the well-known “attenuation effect” of
optimization—the model output overestimates in low range and
underestimates in high range [55]. The number of data in these
bins also is dramatically less in the low and high ranges, as
shown in the figure. Because the RMS error is calculated using

squared differences, it tends to be over weighted by the small
numbers of outlying estimates with large biases at the low and
high ranges. If we take the mean absolute error (MAE), an av-
erage of the absolute errors between the predicted and the true
values, the error estimate equally weights each data point. The
MAE for the validation is 9.68 μatm or 3.6% of the data range
at daily timescale.

VII. CHARACTERIZING THE VARIABILITY

A. Region of Influence

As described in Section II, there is a history of relating pCO2s
to SST and Chl-a. The nine years of pCO2s from the model
coincident with satellite data allow us to map the correlation
coefficients shown in Fig. 4. Monthly means were used and
only coefficients that meet 95% confidence level are shown.
The coefficients have coherent zonal bands of positive and neg-
ative values in the Pacific and Atlantic Ocean. There are large
uncertainties of our model over the Indian Ocean because the
lack of data to train the model (see Fig 1). Over the equatorial
oceans, pCO2s correlates negatively with SST, but positively
with Chl-a. Over most of high-latitude oceans pCO2s corre-
lated negatively with both Chl-a and SST. Over a wide spread
of subtropical ocean, there are strong positive correlation be-
tween pCO2s and SST. More comparison of changes between
pCO2s and the parameters will follow below.

Brix et al. [56] provided global maps of pCO2s from nu-
merical models by combining the Estimating the Circulation
and Climate of the Ocean Phase II (ECCO2), which provides
the time-evolving physical ocean state, and the Darwin model,
which provides time-evolving ocean ecosystem variables. Our
outputs were demonstrated to be significantly better than their
results when compared with in situ measurements over olig-
otrophic subtropical oceans [20].

B. Annual Cycle

In the subtropical oceans, the annual variations of the model
outputs at Aloha and Bermuda stations agree well with HOT
and BATS measurements, as shown in time series comparisons
of Fig. 5. For BATS, the mean and standard deviation of the
difference between the two time series are −6.9 and 15.3 μatm,
respectively. The standard deviation is 16% of the annual range
of 93.5 μatm for measurements. For HOT, the mean and standard
deviation of the difference are 6.0 and 8.2 μatm. The standard
deviation is 22% of the annual range of 37.3 μatm for mea-
surements. The annual ranges of model outputs are 71.4 and
34.4 μatm at BATS and HOT, respectively. The annual ranges
of the model outputs are smaller than the ranges of the obser-
vations. These differences in annual ranges are likely to be the
manifestation of overestimation at low end and underestimation
at high end shown in Fig. 3.

The measurements increase at rates of 2.0 and 1.7 μatm per
year for BATS and HOT, respectively. Similar trends have been
observed for different periods [57], [42], which may reflect the
accumulation of CO2 in the atmosphere. No significant trend is
found in the model outputs within the nine years period. The
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Fig. 4. Correlation coefficient between (a) pCO2 s and SST, and (b) pCO2 s and Chl-a, calculated from the 112 monthly data. Only those above the 95% confidence
level are plotted.

Fig. 5. Comparing nine years of monthly pCO2 s measured (green) at Station (a) BATS, and (b) ALOHA with model outputs (red).
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Fig. 6. Same as Fig. 5 but for SST (red) and Chl-a (green).

time series of the two inputs to compute pCO2s, SST, and Chl-a,
shown in Fig. 6, show no significant trend and that may explain
the failure to produce significant trends in pCO2s model outputs.
The annual variations of pCO2s are approximately in phase with
SST, but not with Chl-a. SST is a more dominant factor than
Chl-a in the annual variation of pCO2s.

Another driver in addition to SST is needed going to ex-
tratropical oceans, as illustrated in the seasonal and latitudinal
variations along 148 °E in North Pacific (in proximity of sta-
tions KEO and JKEO) of Fig. 7. The nine-year mean pCO2s
from model output [see Fig. 7(a)] agrees well with Takahashi
climatology [36] [see Fig. 7(b)]. The climatology was linearly
interpolated to model output resolution. South of 34 °N in the
subtropical ocean, pCO2s has an annual cycle, high in summer
and low in winter, in phase with SST [see Fig. 7(c)]. North of
this latitude in the extratropical oceans, there are two lows in
pCO2s, in April–May and in September–October, correspond
to high Chl-a [see Fig. 7(d)]. Stronger biological productivity
depletes CO2 . Biological processes are significant at higher lat-
itudes while the physical–chemical processes dominate in sub-
tropical oceans for changes in pCO2s. West of this longitude,
there is no climatology data available at extratropical latitudes,
but there are two stations, KEO and JKEO south and north of
34 °N.

Figs. 8 and 9 show that the model outputs agree well with
measurements at KEO and JKEO, although only short periods
of measurements were accessible. At KEO to the south (see
Fig. 8), the annual variations of pCO2s agree well with SST,
but they do not follow the semiannual variations of Chl-a. At
JKEO to the north (see Fig. 9), pCO2s has two cycles a year
in opposite phase with Chl-a, but SST has only one cycle per

year. The nine-year time series of pCO2s from our model and
the satellite data (SST and Chl-a) at these locations do not
show significant trends, in consistent with the model outputs
and satellite data at the Aloha and Bermuda stations.

C. Spring Bloom

As demonstrated in Figs. 7–9, ocean biological productivity
becomes an important factor for pCO2s at higher latitudes. The
conventional hypothesis is that ocean vertical mixing brings nu-
trients to the surface during winter. Increasing sunlight during
spring allows strong increase in photosynthesis that depletes
surface CO2 . We examine several arbitrarily chosen 5°–10°
latitude–longitude boxes in the North Atlantic Ocean to find
cruise measurements (in the dataset described in Section IV) of
pCO2s. Fig. 10 shows an example in a region (45 °N–50 °N,
45 °W–55 °W) in 2007, where a reasonable number of cruise
measurements covering the spring bloom are found. The region
is marked by box 3 in Fig. 2(a). The time series at daily resolu-
tion shows a large drop in pCO2s from the model in spring and
a small drop in autumn, in agreement with the scattered cruise
measurements, and corresponding to the rise of Chl-a. These
spring and autumn signals are also observed in the high latitude
Pacific, as shown in Fig. 7.

D. Interannual Anomalies of El Niño

As we approach the equator from the subtropics, vertical
advection and upwelling in the ocean become increasingly im-
portant, bringing cold and CO2-rich water to the surface. A
negative correlation between pCO2s and SST has been found
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Fig. 7. Latitudinal-time variation along 148 °E in North Pacific: (a) pCO2 s from model output; (b) pCO2 s from Takahashi et al. climatology data averaged over
the 2003–2010 period; (c) and (d) the same as (b), except for SST and log (Chl-a).

Fig. 8. Time series of pCO2 s from model (red) and observation (black) at KEO, compared with (a) SST (green) and (b) log (Chl-a) (green).

[25], [58]. The negative relation is more pronounced in the in-
terannual episodes of El Niño warming and La Niña cooling in
the equatorial Pacific [59], [60].

The conventional El Niño indices are represented by inter-
annual SST anomalies (with the climatological annual cycle
removed) at two regions centered on the equator in the Pacific.

They are Niño 3, between 150 °W and 90 °W, and Niño 4,
between 160 °E and 150 °W, as marked by boxes 1 and 2 in
Fig. 2(a). The interannual anomalies of pCO2s from our model,
with annual cycle derived from the nine year of data removed,
show opposite phases with the two El Niño indices in Fig. 11.
Positive SST anomalies (El Niño) correspond to negative pCO2s
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Fig. 9. Same as Fig. 8, except at JKEO.

Fig. 10. Time series of pCO2 s from model output and Chl-a at daily resolution for 2007 for an area in North Atlantic. Measurements from ships are superimposed.

Fig. 11. Interannual anomalies of pCO2 s (dashed lines) from model outputs and El Niño indices (solid lines) at Niño 3 (red) and Niño 4 (green) regions.
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Fig. 12. Temporal and longitude variation at 2 °N in the Pacific for (a) pCO2 s from model output and (b) SST.

Fig. 13. Time series of pCO2 s (red) from model and SST (green) for 2007 at 2 °N and 120 °W showing the TIW.

anomalies (2002–2003, 2004–2005). This is in agreement with
conventional knowledge, showing that our product picks up in-
terannual anomalies.

E. High Frequency Variation due to TIW

In additional to the interannual episodes such as El Niño, a
dominant feature in the equatorial oceans is the propagation of
the intraseasonal TIW. TIWs vary in location and phase velocity.
Such waves were best observed by radiometers on geostationary
satellites as meanders of the temperature front between the cold
upwelling water of the Pacific equatorial cold tongue and the
warm water to the north [61], [62]. In general, the waves prop-
agate westward, with period of approximately 30 days, wave-

length of 1100 km, and phase speed of 0.5 m/s. The waves are
stronger from June to November and during La Niña episodes.
Their manifestation in wind vector [63]–[65], dynamic topog-
raphy [66], biological processes [67], and surface salinity [68]
has been observed.

The pCO2s from the model clearly shows the manifestation of
TIWs: the data in 2007 are shown as an example in Fig. 12. High
SST corresponds to low pCO2s. At 2 °N, both signals propagate
westward approximately at same speed and period and these fac-
tors vary with latitude. Both signals are stronger in fall/winter
than spring/summer. The features are further illustrated by the
time series at 120 °W in Fig. 13. For 2007 at 2 °N from May to
December, the speed and period of the TIWs are approximately
0.5 m/s and 30 days. The exception is found east of 130 °W
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from August to October when the speed is approximately
0.65 m/s and the period is 20 days. The spatial scale is ap-
proximately 1000–1100 km along 2 °N.

VIII. DISCUSSION

This study has demonstrated the feasibility of continuous cov-
erage of pCO2s over the global oceans for variability from a few
days to a few years, using satellite data through a single statisti-
cal model. Our results confirm that SST is the dominant factor
in pCO2s changes, particularly in the subtropical oceans, and
Chl-a becomes important at extratropical latitudes. Our data
agree with measurements at ocean stations in magnitude and
phase of the annual cycle. The dataset is shown to pick up the
spring blooms at high latitudes, consistent with cruise measure-
ments. The interannual anomalies of our data follow the known
response to El Niño episodes. The westward propagations of
our outputs closely follow the intraseasonal TIW.

The validation described in Section VI shows accuracy com-
parable to the regional regressions based on in situ measure-
ments described in Section II. Such validation using ensem-
ble data is only meaningful in regions with sufficient data.
As is obvious in Fig. 1, large data gaps exist in the global
oceans (e.g., Indian Ocean). Our model outputs track the sea-
sonal variations in the tropical and extratropical oceans, but
exhibit the well-known attenuation effect of optimization with
overestimation in the low range and underestimation in high
range. The result is a smaller seasonal range than in situ
measurements.

The increase trend of atmospheric CO2 is well observed, but
our data fail to follow the increasing trend exhibited by the in
situ measurements. The reason for the failure of our data to
pick up pCO2s trend is obvious. Our statistical model is driven
only by satellite data. Neither the time series of SST nor Chl-a,
which are the inputs to the model, show any significant trend.
Long time series of satellite data are produced by merging data
from different sensors with removal of systematic bias (and the
possibility of removing real trend). Even without significant
contribution to monitor the trend for greenhouse warming, the
spatial-temporal variability provided by our data should be im-
portant to the characterization of ocean biogeochemistry and
acidification.

In situ measurements of pCO2s have been updated yearly. The
latest report [69] indicated that an average of approximately
1.2 million ocean surface fCO2 values per year for the years
2006 to 2012 were collected by SOCAT. The LEDO dataset
was also updated [70]. Efforts to map in situ measurements
were summarized [71]. New technology has allowed continuous
autonomous measurements at moorings [72]. Our method to
map pCO2s does not require input and constant update of in situ
data; we need only relative small amount of in situ measurements
to train the model function and rely on satellite data to provide
continuous global coverage. Only 40 000 randomly selected in
situ data out of 250 000 we originally compiled were used.
Nonetheless, new in situ data may improve distribution and will
be very valuable in the training and validation of future statistical
model.

This nine-year pCO2s outputs we released for public access
since 2014 [73] can be considered as a living dataset. The dataset
has been continuously extended as new satellite sensors replace
the old ones and the extended data are under evaluation. AMSR-
2 on Global Change Observation Mission 1-Water (GCOM-W)
has replaced AMSR-E. AMSR-2 data are well calibrated [74],
[75]. Calibration and merging of SST products are also being
conducted and coordinated by the Group for High Resolution
Sea Surface Temperature (GHRSST) Project [76]. However, the
continuous availability of the microwave radiometer with 7-GHz
channel is uncertain after GCOM-W. Without measurement at
this channel, the availability of SST and the derived pCO2s with
sufficient accuracy in the cold water of high-latitude oceans may
be at risk. New data of Chl-a from the Second-generation Global
Imager on GCOM-C [77] and the Visible Infrared Imaging Ra-
diometer Suite onboard the Suomi National Polar-Orbiting Part-
nership (Suomi NPP) may also improve the outputs.

We built our model with salinity climatology before sufficient
satellite measurements were available. Aquarius was launched
in 2011 and measured SSS, covering the Earth’s surface once ev-
ery seven days, until its demise in 2015 [78]. The SSS data have
1° resolution. The Soil Moisture and Ocean Salinity, launched
in November 2009, has provided global SSS measurements with
three days revisits [79]. SSS is also retrieved from the Soil Mois-
ture Active and Passive launched in 2015 [80]. These data will
be incorporated in the revision of our statistical model and the
effect of salinity on pCO2s will be examined. SSS and SST are
the important links between the water and carbon cycles.
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