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Fig. 1 Spatial distribution of pCO, observations in SOCAT dataset from 1998 to 2018
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pCO, 1957-20184F - Surface Ocean CO, Atlas (https://www.socat.info/)

hp 1940-20184F 1°x1° IAP, Global Ocean Heat Content Change (http://159.226.119.60/cheng/)
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Fig. 3 Structure of general regression neural network
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Fig. 7 Comparation of pCO, distributions between GRNN output and Takahashi®* climatological mean (January, 2005)
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A general regression neural network approach to reconstruct global
1°%1° resolution sea surface pCO,
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Zhong Guorong '***, Li Xuegang '***, Qu Baoxiao '**, Wang Yanjun®, Yuan Huamao'***, Song Jinming '**

(1. Key Laboratory of Marine Ecology and Environmental Sciences, Institute of Oceanology, Chinese Academy of Sciences, Qingdao
266071, China; 2. University of Chinese Academy of Sciences, Beijing 100049, China; 3. Marine Ecology and Environmental Science
Laboratory, Pilot National Laboratory for Marine Science and Technology (Qingdao), Qingdao 266237, China; 4. Center for Ocean Mega-
Science, Chinese Academy of Sciences, Qingdao 266071, China)

Abstract: Sea surface partial pressure of carbon dioxide (pCO,) is a crucial parameter for estimating ocean carbon
source and sink term, but its sparse and uneven in situ measurements in space and time lead to large uncertainty in
the estimate of sea-air CO, flux and characteristics of ocean carbon source and sink. To eliminate this uncertainty, a
general regression neural network approach using the Surface Ocean CO, Atlas (SOCAT) dataset, based on the non-
liner regression of pCO, and longitude, latitude, time, temperature, salinity and concentration of chlorophyll, was
successfully used in the reconstruction of global 1°x1° resolution monthly sea surface pCO, from 1998 to 2018,
with a root mean square error (RMSE) of 16.93 patm and a mean relative error (MRE) of 2.97%, lower than exist-
ing feed-forward neural network (FFNN), self-organizing neural network (SOM) and machine learning approaches.

The global distribution of pCO, obtained by this approach agrees well with existing researches.

Key words: general regression neural network; sea surface pCO,; global ocean grid data



