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Background…



30% 
11.0	GtCO2/yr

Fate	of	anthropogenic	CO2	emissions	(2007–2016)

Source:	CDIAC;	NOAA-ESRL;	Houghton	and	Nassikas	2017;	Hansis	et	al	2015;	Le	Quéré	et	al	2017;	Global	Carbon	Budget	2017
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Sources		=		Sinks

6% 
2.2	GtCO2/yr

Budget	Imbalance:	 
(the	difference	between	estimated	sources	&	sinks)

http://cdiac.ornl.gov/trends/emis/meth_reg.html
http://www.esrl.noaa.gov/gmd/ccgg/trends/
https://dx.doi.org/10.1002/2016GB005546
http://dx.doi.org/10.1002/2014GB004997
https://doi.org/10.5194/essd-2017-123
http://www.globalcarbonproject.org/carbonbudget/
http://www.globalcarbonproject.org/carbonbudget/


Ocean	sink

The	ocean	carbon	sink	continues	to	increase  
8.7±2	GtCO2/yr	for	2007–2016	and	9.6±2	GtCO2/yr	in	2016

Source:	SOCATv5;	Bakker	et	al	2016;	Le	Quéré	et	al	2017;	Global	Carbon	Budget	2017	
Individual	estimates	from:	Aumont	and	Bopp	(2006);	Buitenhuis	et	al.	(2010);	Doney	et	al.	(2009);	Hauck	et	al.	(2016);	Ilyiana	et	al.	(2013);	Landschützer	et	al.	(2016);	Law	et	al.	(2017);	;	Rödenbeck	et	al.	(2014).	Séférian	et	

al.	(2013);	Schwinger	et	al.	(2016).	Full	references	provided	in	Le	Quéré	et	al.	(2017).

this	carbon	budget

individual	ocean	models

pCO2-based	flux	products

https://www.socat.info/
https://doi.org/10.5194/essd-8-383-2016
https://doi.org/10.5194/essd-2017-123
http://www.globalcarbonproject.org/carbonbudget/


Uptake of Atmospheric CO2

http://www.ldeo.columbia.edu/res/pi/CO2/



ΔpCO2 climatology (seawater - atm in µatm) 

ΔpCO2 (µatm)

Takahashi et al. (2009)



Modeled surface pCO2 reduction (in µatm) due to rain for year 2000

Ho et al. 2013



Data from SPURS-2…
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Ultimately…



Effect of rain on air-sea CO2 flux: Results from SPURS-2 and satellite salinity

Takahashi ΔpCO2 climatology

ΔpCO2 (µatm)

data from: http://www.ldeo.columbia.edu/res/pi/CO2/
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Relationship between salinity and pCO2 from SPURS-2

CO2 flux anomaly (g C m-2 y-1)

Difference in air-sea CO2 flux due to rain

data from: PO.DAAC

SMAP Sea Surface Salinity (YD 131; 2017)
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3.3. Model Validation
Although GOTM has been used for
over a decade to model mixing and
turbulence in the upper ocean, it has
not been used to study the effects of
rain in particular. The first task was
therefore to validate the model using
empirical data from two different rain
events, each with distinct characteris-
tics in terms of sampling strategy. One
data set is a high-temporal-resolution
time series from four sensors in the
upper 2 m of the water column made
by a towed device [Asher et al., 2014]
while the other is a set of high-vertical-
resolution profiles made by a vertical
profiler (ASIP) [Ward et al., 2014]. Each
data set provides unique ways to test
the performance of GOTM in modeling
the evolution of rain-formed fresh
lenses.

The high-temporal-resolution data
were collected by the SSP, which is a
towed, surface-following platform that
used four conductivity-temperature-
depth sensors (CTDs) to sample T and
S at depths of 0.11, 0.26, 1.0, and
2.0 m. Figure 1a shows the rain and
wind forcing during a 4 h period meas-
ured from meteorological sensors on
the R/V Kilo Moana as it towed the SSP
through a rain storm (details concern-
ing the SSP data are provided by Asher
et al. [2014]). The ship was steaming
northeast into the storm, which was
moving in a southwesterly direction.

The resulting profiles of T and S were collected from a moving frame of reference, and in order to convert
them into time series that can be compared to GOTM output it is necessary to use a form of Taylor’s
hypothesis and assume that the measured spatial variability is equivalent to the variability that would be
measured at a fixed point as a function of time. For Taylor’s hypothesis to be applicable, the maximum rain
rate of the storm must be constant over the time it took the ship to pass through it, and that measurement
time must be fast relative to the time scale of the storm’s evolution. It was not possible to directly measure
the spatial structure of the storm’s rain intensity as a function of time, but qualitative observations of the
rain field made using the ship’s navigation radar did not show significant variability in its spatial structure.
This suggests that both conditions were met and that use of Taylor’s hypothesis is appropriate for generat-
ing a time series from the spatial data. The SSP data are therefore used here as a function of time, where
the time from the start of the rain event is computed as the distance from the maximum rain rate divided
by the speed over ground of the ship.

Figure 1b shows S measured by the SSP during the rain storm. The data show that the rain rapidly produced
a fresh lens having a maximum vertical salinity gradient of around 1 psu between 0.11 and 2 m. This event
was modeled using GOTM, which was forced with R, UZ, UM, TA, and PA measured from the ship. C was esti-
mated based on the difference between measured solar radiation and that predicted from the date and
location, following Reed [1977]. The model was initiated 30 min before the onset of the rain event. Figure 1c

Figure 1. Observed and modeled rain event from the central Pacific Ocean.
(a) Ship-based measurements of wind speed and rain rate made in 2011.
(b) Salinity at four depths measured by the SSP. (c) GOTM simulation of salinity at
the same four depths.
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FIG. 1. The annualmean air–seaCO2flux (10
29 kgm22 s21) during 1996–2004 (VM2010) andmodel biaseswith respect to the observationally

based results of VM2010 (model results minus observationally based results). (top left) The air–sea CO2 flux climatology from the observa-
tionally based results of VM2010. The model name is given at the top of each panel. MME is the MME mean of air–sea CO2 flux of the 18
models. Positive valuemeans the flux is into theocean.The SCCs andRMSEs (1029 kgm22 s21)with respect to the observationally based results
are given below each panel. Note that the two models CMCC-CESM and INM-CM4.0 with higher RMSEs and lower SCCs compared to the
observationally based results, and the two models GISS-E2-H/R-CC with CO2 outgassing from the ocean during 1870–2000 are excluded.
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