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EMERGING THEMES IN OCEAN ACIDIFICATION SCIENCE

How Can
Present and Future Satellite Missions
Support Scientific Studies
that Address Ocean Acidification?
By Joseph Salisbury, Douglas Vandemark, Bror Jönsson, William Balch, Sumit Chakraborty,
Steven Lohrenz, Bertrand Chapron, Burke Hales, Antonio Mannino, Jeremy T. Mathis, Nicolas Reul,
Sergio R. Signorini, Rik Wanninkhof, and Kimberly K. Yates

FIGURE 1. Some satellites used to study the
ocean carbonate system. The orientations and
orbits of the spacecrafts are not to scale.
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ABSTRACT. Space-based observations offer unique capabilities for studying spatial
and temporal dynamics of the upper ocean inorganic carbon cycle and, in turn,
supporting research tied to ocean acidification (OA). Satellite sensors measuring sea
surface temperature, color, salinity, wind, waves, currents, and sea level enable a fuller
understanding of a range of physical, chemical, and biological phenomena that drive
regional OA dynamics as well as the potentially varied impacts of carbon cycle change
on a broad range of ecosystems. Here, we update and expand on previous work that
addresses the benefits of space-based assets for OA and carbonate system studies.
Carbonate chemistry and the key processes controlling surface ocean OA variability
are reviewed. Synthesis of present satellite data streams and their utility in this arena
are discussed, as are opportunities on the horizon for using new satellite sensors
with increased spectral, temporal, and/or spatial resolution. We outline applications
that include the ability to track the biochemically dynamic nature of water masses, to
map coral reefs at higher resolution, to discern functional phytoplankton groups and
their relationships to acid perturbations, and to track processes that contribute to acid
variation near the land-ocean interface.
INTRODUCTION
Ocean acidification (OA) is defined as
a persistent change to inorganic ocean
carbon chemistry caused by the flux of
atmospheric anthropogenic CO2 into
the upper ocean. The overriding concern for the ocean is the probability that
OA and compounding regional processes
that modify acid variability may have
detrimental effects on fisheries, coral
reefs, and ultimately coastal ecosystems
and economies.
The rate of CO2 increase in the ocean
has been reasonably well quantified at
the global scale (e.g., Sabine and Tanhua,
2010; Feely et al., 2012). Surface water
partial pressure of CO2 (pCO2 ) is increasing by ~2 µatm yr –1, at nearly the same
rate as atmospheric pCO2 (Le Quéré
et al., 2014). Because seawater is alkaline
and therefore buffered, increasing CO2
causes a relatively modest decrease in
pH. Nevertheless, upper-ocean pH is still
decreasing by ~0.002 yr –1 (seawater is well
buffered for CO2, so the rising CO2 does
not rapidly lower the pH; see references
above). A coupled carbonate system variable, the aragonite saturation state (Ωarag ),
is also decreasing by ~0.01 yr –1. Aragonite
is a calcite mineral directly related to seawater carbonate ion concentration. It is
widely believed that if Ωarag decreases
to values near 1.0, many ocean organisms will be stressed as this shell-building
substance becomes unstable and nears

dissolution. The rate of change in each of
these OA indicators will accelerate with
any increase in atmospheric CO2 loading
and with an expected decrease in ocean
buffering capacity. A primary regional
concern is in high-latitude oceans where
cold water and lower buffering translate to
more rapid change. Assuming business-
as-usual CO2 emission scenarios, predictions indicate perennial aragonite
undersaturation at polar and subpolar
latitudes by the end of the twenty-first
century (IPCC, 2013).
Arguably, the greatest impacts of OA
are likely to occur in coastal regions
(e.g., Cooley et al., 2009; Mathis et al.,
2014). Near the coasts, numerous additional processes lead to increased complexity in carbonate dynamics (Cai et al.,
2010; Cross et al., 2013). These factors include acidic inputs from rivers
(Salisbury et al., 2008), upwelling (Feely
et al., 2008), intense biological respiration
fueled by productivity (Cai et al., 2010),
and atmospheric deposition from continental sources (Doney et al., 2009). Many
coastal ecosystems experience large magnitude changes in the carbonate system
over short time scales (Waldbusser and
Salisbury, 2014). These changes, when
combined with longer-term OA or other
stressors (e.g., temperature), can have deleterious compounding effects on organisms and ecosystems (Breitburg et al.,
2015, in this issue). There is still large

uncertainty in our ability to predict these
effects, and it has also become apparent
that upper-ocean inorganic carbon cycle
dynamics are substantial in both space and
time. Observation and modeling at many
spatial and temporal scales are needed to
better understand the ranges of natural
(i.e., pre-industrial) and human-impacted
carbon system variations and how they
relate to OA and its potential impacts.
Ocean observations of the inorganic
carbonate system have been central in
defining current understanding about
OA and underlying seawater chemistry.
When combined with appropriate calibration and validation data sets, traditional in situ measurements and autonomous sensors on ships, moorings,
and profiling floats can help to monitor
global-scale and seasonal trends in carbonate system variables and, over the
longer term, OA (Takahashi et al., 2014).
One key tool supporting future prediction as well as resolving the range of carbonate system variability is ocean remote
sensing, particularly when applied to
determining biochemical and physical
processes that relate to OA (Figure 1).
Satellite data provide synoptic, calibrated, and cost-effective measurements
for investigating processes across spatiotemporal scales that are infeasible with
ground-based approaches. Satellite sensors measuring surface temperature,
color, wind, salinity, and sea surface
height have enabled a fuller understanding of physical, chemical, and biological
phenomena driving OA and its impacts
on ecosystems. These data allow environmental monitoring at spatial scales
of ~10 m to ~1,000 km, and temporal
scales from hours to decades. Recent missions designed to retrieve salinity and a
variety of other variables are poised to
revolutionize our understanding of the
physical and biogeochemical processes
that modulate OA. Satellite methods are
being devised to allow spatial interpolation of relatively sparse surface carbon measurements (e.g., alkalinity and
pCO2) by exploiting correlations with
temperature, salinity, and other factors
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(Hales et al., 2012; Signorini et al., 2013;
Velo et al., 2013). In addition, numerous
processes tied to carbonate system variation can be resolved via measurement
from different bands in the electromagnetic spectrum as acquired using the current suite of space-based sensors (examples in Figures 1 and 2 and Table 1). For
example, riverine and groundwater tracers can be measured in the coastal ocean
using new satellite-based salinity sensors (e.g., Salisbury et al., 2011; Gierach,
et al., 2013). Ocean color data can be used
to detect distinct signatures associated
with freshwater inputs to many coastal
locations (e.g., Del Castillo et al., 2008).
Upwelling signals are readily identified
through sea surface temperature (SST)
anomalies (e.g., Hormazabal et al., 2001),
wind stress curl, or via field-based algorithms relating temperature and ocean
color (e.g., Lefèvre et al., 2002). Satellite
sensors measuring surface temperature,
wind, salinity, and height have enabled a
fuller understanding of phenomena that
control biochemical variability. By virtue of their covariance with ocean color,
many biological processes affecting OA
can be diagnosed with satellite data.
Here, we update and expand on

previous work that shows the benefits of
space-based assets for OA studies. Direct
OA monitoring at the decadal scale via
satellite-based pCO2 approaches may
become feasible in the future, but the
main focus here is on use of satellite data
to better determine the processes controlling OA and surface ocean carbonate system variability. Synthesis of present satellite data streams is described, as
are opportunities that will become available using satellite sensors with increased
spectral, temporal, or spatial resolution.
These sensors will provide new capabilities to track the dynamic nature of water
masses, map coral reefs at higher resolution, map functional phytoplankton
groups and their relationship to OA, and
better understand processes contributing
to carbonate system variability occurring
at the land-ocean interface.

TRACKING THE
CARBONATE SYSTEM
Satellites do not directly measure chemistry; rather, satellite observables can
be used as purely statistical proxies
of carbonate, or as elements in quasi-
mechanistic
chemical
reconstructions when combined with in-water

observations. We review the utility of satellite observations in this endeavor.
The carbonate system is controlled by
two combined variables, total dissolved
carbonic acid (TCO2 ) and titration alkalinity (Talk ). TCO2 has a concentration of
~2,000 µmol kg–1, distributed across the
species CO 2* (the sum of concentrations
of aqueous CO2 and carbonic acid), bicarbonate [HCO –3 ], and carbonate [CO 32–],
with relative contributions listed below
each individual species:
TCO2 = CO 2* + [HCO –3 ] + [CO 2–
3 ]
~1%

~90%

~9%

For nominal surface waters with T = 18°C
and S = 35, Talk has a concentration of
~2,300 µmol kg–1, distributed as follows:
Talk = [HCO –3 ] + 2[CO 2–
3 ]
~80%

~16%

+ [B(OH) –4 ] + [OH–] – [H+]
~4%

~0.2

~0.0004%…

+ minor bases – minor acids.
Absolute values of neither TCO2 nor Talk
are considered drivers of ecosystem OA
responses, while chemical subspecies are
more biologically important, particularly
CO 2*, [H+] (via pH), and CO 32– (via Ω;
Ω = [CO 32–][Ca2+]/K'sp,m, where [Ca2+] is
the concentration of dissolved calcium in

FIGURE 2. Satellite data relevant to the carbonate system. (A) Soil moisture from the Aquarius Mission shown together with alkalinity based on Aquarius
sea surface salinity (SSS), MODIS/Aqua sea surface temperature (SST), and a surface Talk algorithm by Lee et al. (2006). The patterns of high soil moisture and low Talk illustrate how land processes can affect coastal Talk and help to understand end-member mixing. (B) Surface winds from OSCAT/
OceanSat-2 October 29, 2012, showing Hurricane Sandy. Radar scatterometry enables subdaily wind observations, helping to better determine airsea flux of CO2. (C) Global SST from MODIS/Aqua. Such data are critical for estimating solubility of CO2 and calcite in the surface ocean. (D) Coccolith
bloom off Brittany, France, June 15, 2004, MODIS/Aqua. This formation of particulate inorganic carbon represents an alkalinity sink that is observable
from space. Jacques Descloitres, NASA/GSFC (E) Landsat-7 visible image of the Rangiroa Atoll, French Polynesia, after extreme bleaching in 1998. Highresolution imagery allows mapping of coral distributions and health (Mumby et al., 2001). Serge Andréfouët, NASA/VisibleEarth (F) VIIRS false color
image off the Patagonian Shelf with color signatures from dinoflagellates, diatoms, and coccolithophores. These functional phytoplankton groups have
differing effects on surface TCO2 and Talk. Bands of color can reveal eddies and currents. Norman Kuring NASA/GSFC
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TABLE 1. A sampling of current satellite missions relevant to measuring ocean acidification (OA)-related parameters and processes affecting OA. The
table is not intended to be inclusive.

Satellite

Agency Name

Sensor

Wavelengths

Geophysical
Measurement

Effective
Repeat
Interval

Product
Spatial
Resolution
(km)

Orbit

Launch Date

Notes

OCEAN COLOR | APPLICATION: Chlorophyll, particulate and dissolved colored carbon, particulate inorganic carbon, primary and net community productivity, pCO2

NASA

Moderate
Resolution
Imaging
Spectroradiometer
(MODIS)

Visible –
near infrared

Water leaving
radiance (λ)

~ daily

0.25, 0.50,
and 1.00

Polar

1999 (Terra)
2002 (Aqua)

Suomi-NPP

US National
polar orbiting
partnership

Visible Infrared
Imaging
Radiometer Suite
(VIIRS)

Visible –
near infrared

Water leaving
radiance (λ)

~ daily

0.75

Polar

2011

MERIS

European
Space Agency

MEdium
Resolution
Imaging
Spectrometer
(MERIS)

Visible –
near infrared

Water leaving
radiance (λ)

~ daily

0.3

Polar

2002

COMS

Korea Ocean
Satellite
Center

Geostationary
Ocean Colour
Imager (GOCI)

Visible –
near infrared

Water leaving
radiance (λ)

1 hour

0.5
(at nadir)

Geostationary

2009

OceanSat 2

Indian Space
Research
Organisation

Ocean Colour
Monitor (OCM)

Visible –
near infrared

Water leaving
radiance (λ)

~ daily

0.36

Polar

2009

Aqua and Terra

SEA SURFACE TEMPERATURE | APPLICATION: Temperature, solubility of carbon dioxide, solubility of calcite minerals, pCO2
Several
since 1978

NOAA

Advanced Very
High Resolution
Radiometer
(AVHRR)

Infrared
(~ 12 µm)

IR radiance

Each
~ daily

1.1

Polar

Several;
1978–present

Four presently
commissioned

Geostationary
Operational
Environmental
Satellite (GOES)

NOAA

GOES Imagers

Infrared
(~ 12 µm)

IR radiance

Each
hourly

0.75

Geostationary

Several;
1975–present

Three presently
commissioned;
one in
holding orbit

Aqua and Terra

NASA

MODIS

Infrared
(3.5 to 4.2 µm)

IR radiance

Each
~ daily

1

Polar

1999 (Terra)
2002 (Aqua)

ESA

Spinning
Enhanced Visible
and InfraRed
Imager (SEVIRI)

Infrared

IR radiance

3-hourly

11.16
(at nadir)

Geostationary

Several;
2008–
present

NASA and
JAXA

Microwave
Imager (TMI)

Microwave
(10.7 GHz)

Passive
microwave
emissivity

3-day
average

25

Polar

1997

US National
polar orbiting
partnership

VIIRS

Infrared

IR radiance

~ daily

0.75

Polar

2011

Meteosat
Second
Generation
Tropical Rainfall
Measuring
Mission’s
(TRMM)
Suomi-NPP

Three presently
commissioned

CORAL REEF AND COASTAL MAPPING | APPLICATION: Coral reef area, coral reef health, shallow water resuspension, near coastal processes
USGS

Operational Land
Imager (OLI)
on Landsat 8
is the latest

Visible –
near infrared

Earth and
water leaving
radiance (l)

European
Space Agency

Medium
Resolution
Imaging
Spectrometer

Visible –
near infrared

Water leaving
radiance (l)

NASA

MODIS

Visible –
near infrared

Satellite Pour
l’Observation
de la Terre
(SPOT)

CNES
(Centre
national
d’études
spatiales)

Spot XS

Quick Bird 2

Digital Globe
(Commercial)

RapidEye Earth
Imaging System
(REIS)

RapidEye
(Commercial)

Landsat-type;
several since
1972

MERIS

Aqua and Terra

0.03

Polar

Several
since 1972

Two presently
commissioned

~ daily

0.3

Polar

2002

0.25 km product
may be suitable
for mapping

Water leaving
radiance (l)

~ daily

0.25, 0.50,
and 1.00

Polar

1999 (Terra)
2002 (Aqua)

0.30 km product
may be suitable
for mapping

Visible –
near infrared

Earth and
water leaving
radiance (l)

5–25 days

0.02

Polar

Several
since 1986

Digital Globe
Constellation

1 visible,
1 near infrared

Earth and
water leaving
radiance (l)

3 days

0.005

Polar

2001

RapidEye
Constellation

2 visible,
1 near infrared

Earth and
water leaving
radiance (l)

Several
days

~ 0.010

Polar

2008

Table continues on next page…
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TABLE 1. Continued…

Satellite

Agency Name

Sensor

Wavelengths

Geophysical
Measurement

Effective
Repeat
Interval

Product
Spatial
Resolution
(km)

Orbit

Launch Date

Notes

SOIL MOISTURE/WATER BUDGETS | APPLICATION: Region scale water cycle studies, freshwater flux to the ocean, soil moisture
Gravity
Recovery
and Climate
Experiment
(GRACE)

GCOM-W1

Soil Moisture
Active Passive
(SMAP)

NASA

Several
instruments

N/A

Microwave
ranging
distance/
accelerometer

~ monthly

~ 300

Polar

2002

Several follow on
missions planned

Japan
Aerospace
Exploration
Agency
(JAXA)

AMSR-2

C-Band
microwave
(6.9 and
10.6 Ghz)

Passive
microwave
radiation

2–3 days

~ 56

Polar

2012

Primarily for soil
moisture; limited
use for salinity

NASA

Microwave
radiometer/
Synthetic
aperture radar

1.4 GHz
radiometer/
1.3 Ghz radar

Microwave
emissivity and
backscatter

3 day

~ 3–47

Polar

2015

~ 310 track
spacing

Geocentric

2008

ALTIMETRY | APPLICATION: Sea Surface height, ocean currents, river stage height, mixing, pCO2
Ocean Surface
Topography
Mission
(OSTM)/
Jason-2

NASA/
CNES/
NOAA

Poseidon-3

Pulsed radar
altimeter

Reflectance
at 13.6 and
5.3 GHz

~ 10 day
average

SALINITY SENSORS | APPLICATION: Ocean surface Salinity, total alkalinity, CO2 and calcite mineral solubility, mixing
Soil Moisture
Ocean Salinity
(SMOS)

Satélite de
Aplicaciones
Científicas
(SAC)-D,

ESA

Microwave
Imaging
Radiometer
with Aperture
Synthesis (MIRAS)

L-Band
microwave
(1.4 Ghz)

Passive
microwave
radiation

10–30 day
average

~ 75

Polar

2009

Also used for
soil moisture

NASA/
Comisión
Nacional de
Actividades
Espaciales
(CONAE)

Aquarius

L-Band
microwave
(1.3 Ghz)

Passive
microwave
radiation

10–30 day
average

~ 100

Polar

2011

Also used for
soil moisture

Also used
for SST

SCATTEROMETERS/RADIOMETERS | APPLICATION: Wind speed, air sea flux, mixing pCO2
USAF F-16
through F-18

MetOp-B

US Air Force
(DMSP)

Special Sensor
Microwave
Imager/Sounder
(SSM/IS)

Various
microwave
19 to 183 GHz

Passive
microwave
radiation

Sub daily

17–74

Polar

2005

European
Space Agency

Advanced
SCATterometer
(ASCAT)

5.255 GHz
(C-band)

Active radar

29 days

25–50

Polar

2012

16 days

1,000

Polar

2014

ATMOSPHERIC CARBON DIOXIDE | APPLICATION: Air-sea pCO2 disequilibrium
Orbiting
Carbon
Observatory-2
(OCO-2)

NASA

Triple
spectrometers

seawater, and K'sp,m is the solubility product of the carbonate mineral).
Distributions of chemical subspecies
are set by acid-base equilibration, and
thermodynamic relations are well known.
Distributions can be calculated provided
any two of the measurable parameters are
both well known (e.g., Zeebe and WolfGladrow, 2001). The first-order effects
come from shifts in the ratio of TCO2 :Talk ,
with lower pH, higher CO 2* , and lower Ω
conditions driven by higher TCO2 :Talk and
basic conditions from the opposite.
112
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NIR

Absorption (l)

PROCESSES AFFECTING TCO2 :Talk
Processes affecting TCO2 and Talk can be
characterized as biological (shell and
organic matter production and remineralization) or physical (mixing, evaporation, and dilution) and occur at a variety
of temporal and spatial scales (Figure 3).
The biological reactions can be schematically represented simply:
Dissolution (CaCO3,s )
(Ca2+ + CO 32– ) Precipitation
and

Full column CO2

Respiration (CH2O + O2 )
(CO2 + H2O) Organic matter production
Precipitation incorporates impurities such as Mg2+ or other cations, and
there are multiple forms of solid CaCO3.
Organic matter is not as simple as shown
above, and a variety of nutrients (N, P,
Si, trace elements) play essential roles
in organic matter production, while the
respiration reaction can take advantage of a number of oxidizing agents
in addition to O2.

challenging.
Although
geologically
extreme, the rising TCO2 and alteration of
carbonate chemistry via rising TCO2 :Talk
ratios, driven by rising atmospheric CO2,
is small relative to, for example, seasonal
variability. Direct effects of rising CO2 are
hypothetical at this point, and include the
potential for stimulation of primary producers in low-CO2 waters, or suppression
of calcifying species in high-CO2 waters.
While mechanistically feasible and logically compelling, the community has
not yet demonstrated empirical linkages
between anthropogenically elevated CO2
and remotely observable parameters. The
utility of remote-sensing algorithms is
presently in the ability to parameterize
hydrographic linkages to natural variability and to bolster our understanding of
baseline conditions.

lity

ubi

ol
∆S

Increasing atmospheric CO2

annual

decade

STATE OF THE ART IN REMOTE
SENSING OF CARBONATE
SYSTEM VARIABILITY
Although remote-sensing tools for studying surface temperature variability and
its subsequent thermodynamic effects on
the ocean carbonate system have existed
for decades, the practice of combining

satellite data streams to study physical and biological variability is a relatively recent development (Gledhill
et al., 2009). Several sensors have been
launched since 2010, including a new
generation of sensors for surface salinity
that promise to provide further opportunities for enhancing syntheses and envisioning new applications.
Investigations of carbonate system variability and its effects on OA can be separated into chemical, physical, and biological forcing and the resulting impacts
on ecosystems. Remote sensing can be
categorized in the same fashion, recognizing that some sensors can be used to
study both forcing and impacts. Remotely
sensed chemical forcing includes melded
multisensor and model estimates of pCO2
and air-sea CO2 fluxes (Rödenbeck et al.,
2013), and estimates of alkalinity that rely
heavily on remotely sensed salinity. Water
mass, ocean currents, and ecological
province designations (e.g., HardmanMountford et al., 2008) can be gleaned
from temperature, altimeter, and visible
spectrum sensors. Ecological responses
can be estimated from satellite products
including Chl, PIC, and productivity,

Seasonal mixing
and MLD cycles

ux
a fl

season

se
Air-

month

tion
fica

on

luti

isso

d
and

n
ratio

ci
Cal

day

week

nic
Orga

pi
d res
n an

uctio

prod

hour

Tidal, coastal and wave mixing processes

minute

Nonetheless, these reactions capture
features that drive carbonate-system
response. Precipitation consumes TCO2
and Talk , but affects Talk twice as much
as TCO2, and the chemistry of waters in
which it occurs exhibits a decreasing
TCO2 :Talk ratio and thus an acidic response
with lower pH and Ω, and higher CO 2*.
Organic matter production primarily
decreases the abundance of TCO2, and the
waters in which it occurs show a lower
TCO2 :Talk ratio and thus a basic response
with higher pH and Ω, and lower CO 2*.
(The Talk effect is at most ~15% of the
TCO2 consumption, depending on the
form of associated N.) As was the case
with the definitions and equilibrium constraints, these effects are well constrained
(e.g., Sarmiento and Gruber, 2006).
Mixing causes conservative distributions of T, S, TCO2 , and Talk , reflecting
fractional contributions of end members. In some extreme cases with very
different end members, such as estuaries and river plumes, the combinations of
these co-varying factors can lead to large
departures of the individual chemical
species from conservative behavior; however, in the ocean interior, mixing effects
are relatively small and difficult to detect.
Satellite retrieval of particulate organic
carbon (POC), chlorophyll (Chl), or particulate inorganic carbon (PIC), yields
information on the net result, not just of
production/remineralization
balances,
but also of other removals or concentrations like particle sinking or physical dispersion or convergence. New salinity sensors along with those for SST provide
proxies for mixing, but all are limited in
that the snapshots do not capture the rates
or the initial or end member chemistry
conditions that determine actual carbonate system distributions corresponding to
the satellite products. In practice, statistical
and semi-empirical models, coupled with
in-water ground-truth observations, are
required to generate OA-relevant satellite-
based carbonate-system products.
Detection of perturbations in the carbonate chemistry based on remotely
observable
parameters
is
more

0.01 m

0.1 m

1m

10 m

100 m

1 km

10 km

100 km

1,000 km

FIGURE 3. Approximate scales of processes affecting important carbonate parameters.
MLD = mixed layer depth.
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relying heavily on sensors also measuring
in the visible spectrum. Details are provided below; see Figures 4 and 5.

REMOTE SENSING OF
TOTAL ALKALINITY
Global monitoring of surface ocean Talk is
now arguably the most viable application
of remote sensing in support of carbonate system and OA studies because Talk is
only weakly impacted by biological processes, it is strongly covariant with seawater salinity, and there is now continuous access to surface salinity observations
from space (Land et al., 2015). Moreover,
Lee et al. (2006) and others show that a
nonlinear combination of salinity and
SST measurements can further resolve
remaining nonconservative variation in
Talk estimates. First-order global Talk data
should be forthcoming, given monthly
SSS data products from the Soil Moisture
and Ocean Salinity (SMOS) and Aquarius
(Reul et al., 2013; Lagerloef et al., 2013)
satellites and widely utilized satellite SST

products. Talk product characteristics
will enfold the 50–150 km spatial resolution and imprecision in salinity data; for
example, ±0.2 in satellite-derived salinity translates to ±10–15 µMol kg–1 in
Talk. Validation of such first-order surface ocean Talk estimates will make use
of growing discrete sampling databases
such as the Global Data Analysis Project
(GLODAP; Key et al., 2004). A likely contribution from satellite-informed total
alkalinity products will be the identification of mixing regions and Talk :S dynamics near salinity fronts that are now poorly
resolved in climatologies and/or in situ
global gridded Talk products. Refining Talk
estimates in these regions requires additional information to help resolve nonconservative Talk :S variation due to biochemically diverse freshwater inputs and
biological perturbations (see Friis et al.,
2003). Empirical model developments
that make use of in situ measurement
databases will likely continue as the basis
for any spaceborne Talk algorithms.

HiRES Visible
Geostationary Ocean Color
Moderate Resolution Ocean Color
decade

USGS OLI, CNES SPOT

QuickBird
Rapid Eye

month

season

annual

Water Cycle
Windspeed and Gas Flux

NASA MODIS (1 km), NOAA
VIIRS, NASA PACE, NASA ACE

NASA MODIS (Hi-res),
ESA MERIS, ESA OLCI

GRACE

ESA SMOS,
NASA-CONAE
Aquarius

SSM/I, ASCAT

day

week

AVHRR, GOES, MODIS SST, TMI

Sea Surface Temperature
Soil Moisture and Salinity

hour

KOSC GOCI and GOCI-II
NASA GEO-CAPE

1 m2

10 m2

100 m2

1 km2

10 km2
AREA

100 km2

1,000 km2

Global

FIGURE 4. Coverage by some relevant satellite sensors. Boxes are colored by the variables measured.
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SATELLITE APPROACHES
FOR ESTIMATING pCO2 AND
AIR-SEA CO2 FLUX
The most widely measured upper-ocean
carbonate parameter relevant to monitoring carbonate system variability is
the pCO2 in seawater. This effort began
decades ago and has been applied to produce global maps of surface ocean pCO2
(e.g., Takahashi et al., 2014). As explained
above, when combined with a second
ocean CO2 system parameter (Talk , TCO2,
or pH), knowledge of pCO2 allows estimation of calcite and aragonite saturation
states, and extensive data sets have been
extrapolated to produce global Ω maps
(Takahashi et al., 2014).
The combination of remote sensing and
traditional methods has led to powerful
new satellite-based predictive approaches
for estimating pCO2. Development and
validation of these satellite-based algorithms benefit immensely from in situ
surveys and global pCO2 monitoring
on ships of opportunity and moorings.
Comprehensive quality-controlled data
repositories such as the Surface Ocean
CO2 Atlas (SOCAT) and the LamontDoherty Earth Observatory (LDEO)
databases (Bakker et al., 2014; Takahashi
et al., 2014) facilitate access. The satellite
products are meant to complement these
detailed ground-truth data sets by providing global and regional views (hotspot
areas) of the surface ocean with temporal and spatial resolutions far superior to
what can be achieved with more traditional methods of collecting data via ship
surveys, time-series stations, buoys, and
autonomous vehicles.
Moreover, the critically important estimations of air-sea exchange of CO2 that
constrain global carbon budgets depend
on the air-to-sea pCO2 disequilibrium.
Air-sea flux estimates can be created by
combining pCO2 disequilibrium with satellite sea state data (often based on wind
speed) to estimate CO2 gas-exchange
coefficients (Wanninkhof, 2014, and preceding studies discussed therein). The
combination of remote sensing and traditional methods has led to powerful new

satellite-based predictive approaches for
estimating pCO2 and the air-sea mass flux.
At this stage, these approaches rely on
SST, ocean color, wind, wave, roughness,
and circulation data from the satellites.
Satellite measurements applicable to
pCO2 algorithm development and validation include SST from the Moderateresolution Imaging Spectroradiometer
(MODIS), Advanced Very High
Resolution Radiometer (AVHRR), and
other sensors; ocean color products
including Chl, primary production, particulate organic and inorganic carbon,
dissolved organic carbon derived from the
Sea-Viewing Wide Field-of-View Sensor
(SeaWiFS), MODIS, MEdium Resolution
Imaging Spectrometer (MERIS), and
Visible Infrared Imaging Radiometer
Suite (VIIRS); and, more recently, salinity
from SMOS and Aquarius (see Table 1).
These data products provide proxies for
physical and biological processes affecting inorganic carbon variability in the
ocean, and they have been used to develop
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assume that satellite data analyses will
enable reasonable progress toward estimation of such variables. This is the
case with Ω, where Gledhill et al. (2009)
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remotely sensed SST and wind data to
estimate the variability of Ω within the
greater Caribbean region. We anticipate
global Ω maps that will utilize satellite-
based pCO2, SST, and Talk products.
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correlations between remotely observable parameters (Chl, SST, SSS) with TCO2
or pH, there is sparse literature on the use
of satellite data for TCO2 and pH retrievals. This is likely attributable to a weaker
covariance with salinity (than Talk) and
the fact that visible and thermal data are
not robustly correlated with pH or TCO2
over larger spatial scales. Nevertheless,
regional examples of such correlations
are found in the Arctic study of Arrigo
et al. (2010), who observed TCO2 to be
closely related to SST, SSS, and Chl, and
Loukos et al. (2000), who estimated TCO2
as a function of SST and SSS in the equatorial Pacific. Likewise, Nakano and
Watanabe (2005) found a good relationship between pH, SST, and Chl in the
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and apply algorithms of pCO2 for continental shelves and the deep ocean. These
algorithms use a variety of methodologies
ranging from multivariate (e.g., Lohrenz
and Cai, 2006; Signorini et al., 2013) to
statistical methods such as neural networks and self-organizing mapping techniques (Telszewski et al., 2009; Hales
et al., 2012) and quasi-mechanistic reconstructions of the underlying TCO2 and Talk
(Hales et al., 2012) that determine pCO2.
However, the diversity and complexity of
ocean biogeochemical provinces, as well
as the steadily increasing surface water
CO2 levels, suggest that, at this point in
time, no single pCO2 algorithm will be
applicable at the global scale.
The state of the art for these satellitebased algorithms has now reached a
stage where they are capable of providing ±15 ppmv accuracy in regional pCO2
(see studies above). However, in complex coastal regions with large magnitude variation, the accuracy will likely be
lower (see Hales et al., 2012).
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phytoplankton light absorption, are routinely used in algorithms to estimate net
primary productivity (NPP) and calcification (Behrenfeld and Falkowski, 1997;
Balch et al, 2007). Net community production (NCP; autotrophic fixation of
CO2 minus community respiration), perhaps more relevant to carbon system variability, can also be estimated from satellite observations (Jönsson et al., 2011;
Westberry et al., 2012). However, discerning long-term changes in NPP and NCP
attributable to carbonate system variability (and vice versa) will be challenging, particularly given the intermingling
effects of climate and other sources of variability (e.g., Gattuso and Hansson, 2011).
Changes in pH and seawater carbonate chemistry have been associated with
altered rates of growth, photosynthesis, calcification, and N2 fixation as well
as altered bioavailability of nutrients
and trace minerals and stoichiometry
of biogeochemical processes (Riebesell
and Tortell, 2011). It is difficult to generalize how such changes would impact
phytoplankton functional types (PFTs;
Riebesell and Tortell, 2011).
Satellite observations can be used to
infer changes in the functional types that
include calcifiers (coccolithophores),
silicifiers (diatoms), and nitrogen fixers (cyanobacteria) (IOCCG, 2014).
Potential changes or shifts in PFTs may
subsequently impact higher trophic levels and the associated cycling of carbon
and other elements (Riebesell and Tortell,
2011; Bednaršek et al., 2014). Such satellite data will be useful for refinement and
validation of ecosystem model simulations of climate and ocean acidification-
related changes in phytoplankton community structure and their impacts on
biogeochemical and trophodynamic processes (Dutkiewicz et al., 2013).
Effects on calcification rates have also
varied among calcifying plankton, with
generally decreasing rates for foraminifera and pteropods in response to elevated CO2 and reduced pH, but varying responses for coccolithophores
(Riebesell and Tortell, 2011). Algorithms
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developed for detection of coccolithophores (e.g., Balch et al., 2005) provide a basis for detection and quantification of coccolithophore PIC from
satellite observations. Such observations,
in turn, are invaluable to carbonate system research in that they provide spatiotemporal information about the conversion of TCO2 to PIC (Balch and Utgoff,
2009; Shutler et al., 2013).
Changes in seawater carbon chemistry may also have varying effects on diatoms, as found in both short- and longterm studies (e.g., Tatters et al., 2013; Xu
et al., 2014). These silicifiers (diatoms)
form large blooms, account for a major
fraction of primary production (Rost
et al., 2003), and are of particular interest
because they strongly influence the vertical flux of particulate material (Buesseler,
1998). Satellite algorithms have been
developed that discriminate diatoms
from non-diatoms on the basis of differences in spectral properties of these
groups (e.g., Sathyendranath et al., 2004).
Recent studies show large variability
in CO2 sensitivity in marine diazotrophs
(Hutchins et al., 2013; Eichner et al.,
2014). Extensive blooms formed by
Trichodesmium sp., a diazotrophic
(i.e., N2 fixing) phytoplankton, exhibit
various features detectable by satellite (Nair et al., 2008). Satellite estimates of Trichodesmium have been used
to model regional and global estimates
of N2 fixation (e.g., Westberry et al.,
2005). However, these satellite estimates
of marine N2 fixation do not include
contributions from some unicellular
diazotrophs that also contribute significantly to total nitrogen fixation in some
regions (Moisander et al., 2010).

MIXING PROCESSES
Surface fluxes, surface currents, upwelling, meso- and submesoscale eddies and
filaments, internal waves, and transient
wind events all impact the transport of
water masses and mix their attendant
carbonate constituents. Thanks to both
high-resolution numerical simulations
and satellite observations, a new vision

of upper-ocean dynamics and a deeper
understanding of these complex interactions have emerged. Several event-scale
processes affecting the vertical transport
of carbonate constituents are also amenable to remote sensing.
Based on the small-scale variability
in SST and ocean color (e.g., Bennanouz
et al., 2014) and/or more accurate surface
winds, satellite observations provide new
insights about upper-ocean dynamics to
reveal vigorous physical and biological
processes. Associated vertical fluxes can
draw nutrient-rich cold water from the
deeper layers into the sunlit (euphotic)
zone, where it elicits the rapid growth of
phytoplankton, effectively lowering pCO2
(Hales et al., 2006) and increasing pH
during the phytoplankton growth phase.

Mapping and Change Detection
of OA-Sensitive Ecosystems
In addition to aiding understanding of
carbonate system variability and its relationship to OA, satellite data are a resource
for mapping and change detection of ecosystems sensitive to OA. Remote sensing
utilizing radiance from the visible to the
near-infrared spectrum has wide applications in mapping changes in extent and
condition of shallow-water ecosystems
sensitive to OA, such as coral reefs, algae,
and macrophyte beds (Andréfouët et al.,
2005; Vahtmäe et al., 2006; Brito et al.,
2013). Although many of these mapping techniques are limited to quantifying outcomes after bleaching events, the
use of thermal imaging satellites provides
an early warning system for identifying
locations where coral bleaching is likely
to occur (Liu et al., 2006).
Early signs of OA impacts on coral reefs
may manifest as changes in coral reef processes such as ecosystem productivity and
calcification (Kleypas and Yates, 2009).
Over time, changes in the rates of these
processes can lead to ecosystem transitions characterized by declines in calcifying species such as corals and increases in
noncalcifying species such as seagrasses
and algae. These ecosystem shifts can
lead to loss of topographic complexity

and elevation in reef systems (Kleypas
and Yates, 2009) that could be detectable
through use of the same satellite and sensor technology used for detecting change
due to coral bleaching. However, detecting early signs of OA such as changes in
process rates and fine-scale changes in
community structure requires significant
advancements in the use of multispectral
and hyperspectral sensors at submeter
spatial resolution.
High-resolution, satellite-based multispectral sensors (e.g., QuickBird-2)
and airborne hyperspectral sensors
(e.g., Compact Airborne Spectrographic
Imager) have been used to successfully
map seagrass biodiversity at the individual patch level in shallow coastal waters
(Phinn et al., 2008). However, multi
spectral instruments cannot yet differentiate many reef classes, and most studies of coral reefs using hyperspectral data
suitable for characterizing differences
among reef components have been limited to in-water data (Andréfouët et al.,
2005; Kobryn et al., 2013). Continued
improvements in spatial and spectral
resolution of hyperspectral sensors are
needed for feasible use of satellite platforms for detailed coral reef mapping that
could detect impacts of OA on species
diversity and ecosystem function.
An early warning system for OA
requires the ability to monitor changes
in coastal ocean chemistry. Experimental
OA satellite products are available for
the Caribbean from NOAA’s Coral Reef
Watch (http://coralreefwatch.noaa.gov/
satellite/oa; Gledhill et al., 2009; Eakin
et al., 2010). These products include Ω,
pCO2, total alkalinity, and other carbonate system parameters at 50 km spatial
resolution, and are appropriate for open
ocean observations. Higher resolution is
needed to apply these products to coastal
oceans. Efforts are underway to increase
spatial resolution and develop algorithms
for use in coastal waters.
Recent advances in the development
of autonomous in-water sensors for high
temporal resolution measurements of carbon system parameters in coastal waters

(Martz et al., 2015, in this issue) present
the opportunity to integrate networks
of in-water and satellite sensors to link
ecosystem processes with satellite-based
change detection in reefs. Such integrated
sensor networks may be a more feasible
interim approach for monitoring coastal
carbonate system variability until more
cost-effective, satellite-based sensor technology becomes available.

SENSOR SYNERGY
There are several untapped avenues
where satellite data from multiple sensors
and platforms may serve to improve our
understanding of ocean carbonate system
dynamics and acidification. For example,
the recently launched NASA Orbiting
Carbon Observatory-2 is now retrieving
atmospheric CO2, thus providing a new
data set for investigations of air-to-sea
pCO2 disequilibrium. New sensors will
also help solve the particular problems
and take advantage of opportunities presented in ocean basins that receive large
freshwater runoff, largely due to spatial
and temporal heterogeneity in carbonate constituent concentrations. Examples
include ecosystems contained within the
northwestern tropical South Atlantic and
the Caribbean with Amazon and Orinoco
River discharges, the Bay of Bengal, the
Gulf of Mexico, and the Arctic. In all
cases, understanding of plume extent and
timing, depth of the mixed layer and its
wind-impacted advection, and biochemical influx and transformations can all
benefit from the spatio-temporal view
of salinity, ocean color, wind, and ocean
circulation dynamics that can be drawn
from the present satellite complement.
Gravity sensor missions such as
GRACE allow mapping of continental water budgets, enabling or validating
estimates of gross freshwater flux to the
coast. Discharge estimates can be constrained using data from soil moisture
missions such as SMOS, Soil Moisture
Active Passive (SMAP), and Advanced
Microwave Scanning Radiometer-EOS
(AMSR-E) (Hirpa et al., 2014). Furthermore, salinity missions such as SMOS

and Aquarius presently allow mapping of
this discharge into the coastal ocean and
beyond (e.g., Gierach et al., 2013; Le Vine
et al., 2014), albeit at scales of ~100 km.
Close to the coast where pixel size limitations hamper salinity sensor capabilities, it is possible to retrieve salinity at higher resolution from established
regional relationships between salinity
and ocean color variables (Molleri al.,
2010; Salisbury et al., 2011; Reul et al.,
2013). Using surface current data generated with satellite altimeters and wind
products derived from scatterometers, it
is also possible to remotely track the evolution of surface water masses to further
understand the sources and fates of carbonate constituents.
Within the context of a moving water
mass, bio-optical approaches may be
employed to estimate biological perturbations to carbonate parameters along
the flow path, including those that are
not conservative with salinity. Examples
include using NPP or NCP products to
estimate net TCO2 uptake and calcification products (e.g., Balch et al., 2011)
that estimate net total alkalinity removal
and TCO2 production by PIC-producing
phytoplankton. Newer hyperspectral data
will have increased potential to evaluate
PFT distributions, and thus could provide information on the potential for
nitrogen fixation via cyanobacteria or
effects of OA on various phytoplankton
groups. Geostationary platforms such as
the Geostationary Ocean Color Imager
(GOCI) allow important insights into
diurnal variability of NPP and mixing
of coastal water masses (Lee et al., 2012;
Lee et al., 2013).
Such synergy opens the possibility
for vastly improved Talk, Ω, and pCO2
algorithms that, when cast globally, are
likely to perform poorly due to a differing covariance between inputs. Regional
approaches can be envisioned whereby
terms related to spatio-temporal variability of processes affecting CO2 and
calcite solubility, mixing, and biological rates can be estimated using various
satellite data streams. Finally, we note
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opportunities to capitalize on the spatial and temporal attributes of satellite
data streams for filling gaps in time and
space. One such approach described by
Velo et al. (2013) and used to interpolate
the GLobal Ocean Data Analysis Project
(GLODAP) and the CARbon dioxide IN
the Atlantic Ocean (CARINA) Talk data
could reasonably be modified to incorporate satellite temperature fields.

FUTURE DIRECTIONS
Satellite missions recently launched or
those that are in advanced planning stages
will undoubtedly further our understanding of OA. Using only ocean color sensors
as an example, Table 2 highlights several
satellite missions that will be realized in
the coming decade. Many other sensors
relevant to OA studies (but not shown)

are in the planning stages and will provide better spatial, temporal, or spectral
resolution that will continue present climate data records or initiate new types of
OA-relevant data streams. For example,
the US National Research Council recommends several future mission concepts
relevant to study of the carbonate system
(NRC, 2007), and the European Union
has recently begun the 6 billion euro
Copernicus Programme, designed to provide long-term monitoring of the environment with its fleet of Sentinel satellites.
These missions will enable new investigations of atmospheric CO2, will provide
improved CO2 and calcite mineral solubility estimates, and will improve our knowledge of freshwater cycling, its spatiotemporal evolution, and its impacts on,
and interactions with, coastal acidification.

Future missions are poised to fill important gaps in our understanding of the biological impacts on acidification, including
resolution of diurnal processes and identification of phytoplankton functional
groups that have differential effects on
surface carbonate chemistry. They promise to advance our understanding of the
role of high discharge and upwellinginfluenced regions that will certainly
require more complex algorithms using
multiple satellite data streams.
Resolving dynamic coastal processes affecting carbonate parameters at
regional and basin scales will require high
frequency (hourly to bihourly) ocean
color and SST satellite observations that
can only be provided by geostationary sensors. Coastal ocean color observations from a geostationary orbit will

TABLE 2. Planned satellite missions relevant to carbonate system variability and OA, using ocean color missions as an example. The planned ocean
color missions highlight the advances in spatial, spectral, and temporal resolution that can be used to understand various interactions of biology and
OA. Missions dedicated to complementary geophysical measurements such as sea surface temperature, wave height, sea state, and visible mapping
are also planned.

AGENCY

SATELLITE

SCHEDULED
LAUNCH

SPATIAL
RESOLUTION
(m)

# OF
BANDS

ORBIT

SPECTRAL
COVERAGE
(nm)

ESA/
EUMETSAT

Sentinel 3A

2015

300/1,200

21

Polar

400–1,020

COCTS CZI

CNSA
(China)

HY-1C/D
(China)

2015

1,100
250

10
10

Polar

402–12,500
433–885

SGLI

JAXA
(Japan)

GCOM-C

2016

250/1,000

19

Polar

375–12,500

COCTS CZI

CNSA
(China)

HY-1E/F
(China)

2017

1,100
250

10
4

Polar

402–12,500
433–885

DLR
(Germany)

EnMAP

2017

30

242

Polar

420–2,450

ISRO
(India)

OCEANSAT-3

2017

360/1

13

Polar

400–1,010

OLCI

ESA/
EUMETSAT

Sentinel-3B

2017

260

21

Polar

390–1,040

VIIRS

NOAA/NASA
(USA)

JPSS-1

2017

370/740

22

Polar

402–11,800

Multi-Spectral
Optical Camera

INPE/CONAE

SABIA-MAR

2018

200/1,100

16

Polar

380–11,800

GOCI-II

KARI/KIOST
(South Korea)

GeoKompsat 2B

2018

250/1,000

13

Geo

412–1,240
TBD

OCI

NASA

PACE

2018

TBD

TBD

Polar

TBD

Coastal Ocean
Color Imaging Spec
(Name TBD)

NASA

GEO-CAPE

>2022

250–375

155 TBD

Geo

340–2,160

SENSOR

OLCI

HSI
OCM-3

OLCI = Ocean and Land Colour Instrument
COCTS CZI = Chinese Ocean Color and Temperature Scanner (COCTS)
and Coastal Zone Imager (CZI)
SGLI = Second-Generation Global Imager
HIS = Hyperspectral Imager
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OCM-3 = Ocean Colour Monitor
VIIRS = Visible Infrared Imaging Radiometer Suite
GOCI-II = Geostationary Ocean Color Imager
OCI = Ocean-Color Imager

be critical for observing ecosystem processes that have life cycles on time scales
ranging from minutes to hours to a few
days. Geostationary orbit (~36,000 km
altitude) offers unprecedented and virtually continuous temporal coverage
(e.g., the Geostationary Operational
Environmental Satellite [GOES] Imager
collects images every 30 minutes). This
capability is necessary for studying large
bays and coastal oceans where physical, biological, and chemical processes
react on short time scales. Enhanced frequency in coverage will yield an unparalleled number of clear-sky retrievals of
ocean color compared to the one to three
images per week (at best) for most sites
from low Earth orbiting (LEO) sensors
such as the MODIS and VIIRS sensors,
or the planned Pre-Aerosol Cloud and
ocean Ecology (PACE) mission.
While increasing analyses of satellite
data will aid in our understanding of carbonate system variability and acidification processes, many challenges remain.
It is important to reiterate that, presently,
information gained from satellite data is
generally limited to the surface or mixed
layer. As such, our community will still
need to continue data collection efforts
aimed at understanding subsurface processes as well as the biogeochemical connectivity between the mixed layer and
deeper waters. Increased spectral, spatial,
and temporal resolution will require new
retrieval algorithms, atmospheric corrections, data handling, and geo-location
techniques. Many satellite data streams
are currently subject to considerable error
(e.g., ±0.3°C for SST [Corlett et al., 2014]
and ±~30% for Chl [Gregg and Casey,
2004]). Thus, future validation data
efforts will require simultaneous carbonate system parameters and the geophysical variables that are measured remotely.
Examples include moored time series,
autonomous platforms, and more traditional cruises that offer the opportunity
for higher data quality control. Finally,
we recommend that the community
move quickly toward the development
of robust, inexpensive carbonate system,

biological, bio-optical, and geophysical
sensors that can be deployed throughout the world ocean. These technologies
would help constrain the CO2 system
parameters in both time and space, contributing significantly to needed satellite
calibration and validation efforts.

SUMMARY
A constellation of satellites designed to
retrieve various data streams related to
ocean physics, biology, and chemistry
presently provides insights into OA and
carbonate system variability. These data
are useful for understanding various processes, including CO2 and calcite mineral
saturation states, rates of biological TCO2
uptake, spatio-temporal distributions of
surface alkalinity, and processes related
to horizontal and vertical mixing of carbonate parameters. A fuller understanding of OA variability will be realized as
present data streams are synthesized and
as satellite data are validated using in situ
observations from moored and mobile
platforms. Satellite missions scheduled to
be launched or those that are in mature
planning phases will provide new data
streams, including atmospheric CO2
and hydrologic variability, and will also
provide improvements to current data
streams by virtue of better spatial, temporal, or spectral resolution.
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APPENDIX

This appendix contains rough estimates of the time it
would take to track sensible changes in pCO2 and Ω
using present satellite data and algorithms.
Given the assumptions:
(a) Satellite pCO2 algorithm error = ±15 µatm (typical
open ocean, from Lefèvre et al., 2005; Telszewski
et al., 2009; Hales et al., 2012; and others)
(b) Satellite salinity error = ±0.2; (Reul et al., 2013,
for SMOS)
(c) Satellite SST error = ±0.3°C (typical, from Emery
et al., 2001; Reynolds et al., 2010)
(d) Talk algorithm error, using in situ SST and
SSS = ±8.1 µmol kg–1 (Lee et al., 2006)
pCO2 : The current rate of pCO2 change over the globe
is ~2–2.5 ppm per year. Given the overall ±15 µatm
error in estimating pCO2 using remote sensing methods, it will take six to eight years of constant change in
pCO2 to detect a significant change in pCO2.
Ω: To examine the time needed to track a change in
Ω, we performed a Monte Carlo analysis assuming
random distributions of the errors. Note that the SST
and salinity impart error to both the solubility and the
total alkalinity algorithms. The result of 1,000 Monte
Carlo trials yields a Ω error of 0.11 using the assumptions above. Thus, in order to track the annual change
in Ω of 0.01–0.016 units (depending on the rate of CO2
increase [2–2.5 ppm]), we need about a decade, perhaps less, to discern a change.
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