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ABSTRACT

A better understanding of ocean acidification processes requires robust climatologies of seawater CO2 chemistry and well designed numerical models. High-quality data are

used, among other things, to evaluate and subsequently improve models. We designed a feed-forward neural network to learn the relations between hydrographic, location,

biogeochemical and time variables with total alkalinity (AT) and total dissolved inorganic carbon (TCO2). Version 2 of the Global Ocean Data Analysis Project (GLODAPv2)

was used to train the network and World Ocean Atlas 13 (WOA13) database to establish the climatologies. Twenty-five percent of the GLODAPv2 data were withheld from

the training procedure. These omitted data were used for validation along with time-series data. The generalization of the network in the two validation sets was displayed

through low standard deviations. Moreover, the network is able to model the seasonal variability of CO2 chemistry variables in the ocean time-series. This fact proves the

ability to capture this variability from a dataset with a temporal bias. Moreover, the surface climatologies showed a good agreement with the preexistent ones. Therefore,

using the two trained networks, we have developed robust monthly climatologies for AT and TCO2 in the WOA13 grid.

The neural network

Feed-forward neural network with a two-layer architecture. A first layer sigmoid transfer

function and a second layer linear transfer function allows the linear and non-linear

variability to be assimilated to the network. This configuration is able to approximate most

functions arbitrarily well (Hagan et al., 2014).

The climatologies

TCO2 µmol kg-1 TCO2 preind µmol kg-1

Period

Takahashi et al. (2014) Lee et al. (2006)

TCO2 AT AT

std R2 std R2 std R2

January 22.4 0.90 17.3 0.90 12.3 0.94

February 22.0 0.90 17.6 0.89 11.8 0.94

March 20.3 0.92 16.3 0.90 12.0 0.94

April 20.5 0.93 18.9 0.87 12.1 0.94

May 17.5 0.95 16.6 0.89 12.0 0.93

June 17.3 0.95 17.8 0.89 13.3 0.92

July 31.6 0.85 26.1 0.81 16.1 0.89

August 20.8 0.94 22.0 0.87 16.1 0.89

September 19.3 0.95 21.0 0.89 16.2 0.89

October 18.3 0.95 17.1 0.91 13.0 0.93

November 18.0 0.95 19.3 0.88 11.8 0.94

December 18.7 0.94 16.6 0.91 11.7 0.94

Annual mean 13.3 0.97 14.2 0.93 8.6 0.97

Comparisons

Global annual mean surface climatologies

from the monthly product. Standard deviation

of the residuals (measured GLODAPv2 (Key

et al. (2015); Olsen et al. (2016)) ïneural

network computed): AT: 4.6 µmol kg-1; TCO2:

4.4 µmol kg-1.

The other seawater CO2 chemistry variables

can be computed with the CO2SYS.

Statistics of the comparison with

previous surface monthly

climatologies. Coarse grid and

one variable (salinity) to predict

AT in Takahashi et al. (2014)

could explain higher elevated std

values in the comparison than

with Leeôset al. (2006).
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Time-series analysis

Five ocean time-series in different ocean regimes were analysed. The availability of more

input data to feed the network than measured data has allowed us to increase temporal

and in depth frequency in the time series. This fact is shown in the graph below in BATS

time-series. In this station, the number of measures goes from 3033 for AT and 3999 for

TCO2 to 11342 for each variable. Seasonal variability is well captured by the network.

AT µmol kg-1

Time-Series Trends std (ɛmol kgï1 yrï1)

pCO2 (ɛatmyr-1) pHinsitu (yr-1) Ýaragonite (yr-1) AT TCO2

ICELAND 1.31 -0.0015 -0.001 * 6.2

IRMINGER 1.62 -0.0017 -0.0014 * 5.6

BATS 1.74 -0.0018 -0.0081 6.8 8.1

ESTOC 2.65 -0.0025 -0.014 4.3 7.9

HOT 1.67 -0.0015 -0.0067 6.5 6.2

Trends of variables computed with CO2SYS from AT and TCO2. *AT not measured.

Time variation of CO2 chemistry variables in

BATS time-series. The visual comparison

between computed variables graphs and

residual graphs shows the data expansion.

The acidification process is perceived from

both the calculated and the graphic trends.

AT µmol kg-1

TCO2 µmol kg-1

AT residuals µmol kg-1

TCO2 residuals µmol kg-1

Conclusions

-Robust global monthly climatologies of seawater

CO2 chemistry variables have been created.

-The neural network has been able to capture the

seasonal variability.

-We filled CO2 chemistry variables gaps in time-

series where the network inputs are present.
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