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Abstract:

The partial pr es s ur ethestirface afithb acean id ¢ruzial fordgeantifyingCa@d eyaluating

the ocean carbon budget. Insufficient consideration of the effects acdlseea scale makes it difficult to
comprehensively evaluate the spatiotemporal distribution characteristios andi at i on paThiser ns o f
study constructed a pG@valuation dataset based on LDEO measurement data andsourtte data. After

conducting correlation testing on a global, far sea, and near seaseale,e an sur f ace p W& evalu
corstructed using multiple linear regression, convolutional neural network, gated recurrent unit, lostgrehort

memory network, generalized additive model, extreme gradient boosting, least squares boosting, and random
forest. Performance evaluation indicat¢éhat the randofforest model consistently achieves the best accuracy

across all spatial scales, yielding a global RMSE of 66128t m and an R] of 0.986. I n
decreases to 4.699 egatm and R] ri ses to 0.988, wher e
declinesto 0.972Based on this, the annual sea S W0O0ftoa2@16 was C O di
reconstructedThe reconstructed field shows a typical equatorial high/polar low pattern, as well as an overall
upward trend consistent with independent observations, with acceleration particularly evident in specific regions

of subtropicakoastal oceans.

Keywords:
Surfaceoceanp C QGlobal Oceans; Machine learning; Spatiotemporal changes; Random forest
Synopsis

This study reconstruct s 12019pusimglmuliscuieeadata andumathme learnipgC O (2
identifying RF as the optimal model and revealing equatbigi/polarlow patterns with rising trends.

1. Introduction

The partial pressure of carbon dioxide on tabuwengsur f ace
the exchange of C{between the ocean and the atmosphere, and can evaluate the contribution of the ocean's
carbon absorption and storage capacity to the global carborfrsi&ewski et al., 2000; Jain, 2022)

Numerous scholars have conducted research on pCO es

satellite remote sensing data and machine learning algitin the study of sea surface pG®local sea areas,

Tel szewsKki et al . reconstructed the d-organizingmeutali on of
1
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networks(Telszewski et al., 2009).andschiizer et al. reconstructed the distribution map of Atlantic sea surface

pCO u s-argargzing neap feedforward neural network methoda(n d s céh al.,t2@1®) Chierici et al.

evaluatedthe feasibility of jointly est mat i n g s e ain Antarcticeaana thepPadific regiarsing ship

borne measured data and remote sensing €atai( ee ta Ic i , ). NakBokalet al. established a nonlinear
relationship between sea sur f ac e-orgaizidg nearal detwonksland pl e p

reconstructed the spatiotemporal variation of sea surface pCthe North Pacificla k aekd . ,). 2013
Marrec et al. used multiple Iinear regression to est
European continental sheffVa nega | . ). GRd@bi2etlal. proposed methods such as support vector regression

and random forest regression to Gregddt.r,ydAYadtde Sout h
reconstructed the distribution of pCO on t he surface of the Sout Heed n Ocea
forwardneural networksMla r redad . ,).LD201®8nz et al. reconstructed the
Gulf of Mexico using regression tree algoritflno h r eetnlz. ,); CBe@ & dl. compared the performance of
various methods in estimati n@heenbrlf.a, ¢,E2epdl Bpplied cobist he Gul
models to estimate pCO o nF wehael .s,).ZiRafg@®Enl. comhstruetimeseaGu |l f o
surface pCO regressionZmaetyl . f)on2het2htly of Gabdddeansurf&e a r e g i

pCO, Landschg¢tzer et al. expanded the research scope t
from 1998 to 2011and further extended it to 1982to 20lld nd s cdiga kt z g;rL2Mldds cdglt z e r
20)1Gregor et al. reconstructed the pCO dGrseag@butfi on

2 0 1 Zhong et al. used generalized regressieural network and stepwise regression algorithm to constreict

pCO di strGbot g . mp p2d&dnBined stepwise regression algorithmfaed forward

neural network, constructed a 1Al 1 AtptBedl biogdochémicalb ut i on
provinces defined by the salfganizing map metho&(h oea gl . ,). 2020

By summarizing previous research, the key limitations of current sea surfaca@ECO

(1) Insufficient Consideration of Spatial Heterogeneity

Most existirg studies either focus on a single local sea area (e.g., the North Atlantic, Gulf of Mexico, Baltic Sea) or
adopt a unified global modeling framework, neglecting the significant differences in envirohowrddions,

driving factors, and p COfarseacarcasmineargeaareab ar act eri stics b
To address this issue, our study constructs a scdtie analysis framework covering the global océansea

areagwater depth > 200 meters),chnear sea aredswat er depth O 200 meters) . The
into far sea areaand near sea areasased on water depth, and sealpeci fi ¢ pCO evaluati

established. For the environmentally stalfée sea areaswe emphasize eéuring longterm temporal
dependencies and signals of laggale hydrological and biological processes. kear sea areaafected by
various complex factors, we incorporate regipecific driving factors and optimize the model structure to adapt
to high variability. This targeted approach effectively improves the fitting accuracy and adaptability of the models
in different sea area types.
(2) Inadequate Adaptability Between Models and Driving Factors
Existing studies mostly adopt fixed model structureglobally unified combinations of driving factors, failing to
fully consider the requirements of environmental complexity differences in different sea areas for model
adaptability. Additionally, the selection of driving factors lacks targeting, makidgficult for the models to
accurately capture the core impact mechanisms of pCO
We resolve this limitation through the comprehensive optimization of models and driving factors: we compared
eight machine learning models and ideatfthe Random Forest (RF) model as the optimal model across all scales.
Its advantage in capturing complex nonlinear relationships enables it to adapt to the environmental characteristics
of different sea areas. Meanwhile, based on Spearman correlasitysiarand the SHAP (SHapley Additive
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80 exPlanations) method, we screened key driving factors for each scale (e.g., Total alkalinity in sea water (talk)
serves as the secondary key factor at the global scale, while the contribution madée afoncentratiorof
di ssolved mol ecul ar oxygen i nneassaarepsensueng the raionplitysndgni f i ¢
targeting of driving factor selection.
(3) Low Reconstruction Resolution

85  Some existing studies lack the overall processing of spatpaieal differences in mulsource data, resulting in
|l ow spati al resolution of pCO reconstruction produc
accurately reflect the spatiotempor al variation char a
We address this limitation through higlsolution and higlprecision reconstruction strategies: by processing
multi-source data (including strict data matching, outlier handling, and data balancing strategies), we reconstructed

90 t he annual opwtba higdrresslttioniotDi25%.25%om 2000 to 2019. The results demonstrate that
the accuracy of pCO reconstruction is significantly

2. Methodology

2.1 Research Area

The global ocean, excluding the perennd-covered waters in the core area of the Arctic Ocean and the

95  permanently frozen areas around the Antarctic contifeaga total area of 336 million square kilometers,
accounting for approximately 92.8% of the global ocean surface aresareSbarchdcuses on thei@0-meter
water layer in the ocean surface, which is a critical interface for air sea exchange. Due to the complex types of
water bodies, sea surface [Phe@obal oceawasdiviidedinonesearchaleay v ar i ¢
scaks based on water depth, identifying the areas beyond the continental shelf (water depth > 200 meters) as far

100 seaareasand the areas within the rangeas(water depth O 200

2.2 Data sources

2.2.1 Actual measurement data

The measured data of pCO is sourced from -Glomb a | Sur
Surface pCO (LDEO) Database (noaa. gov)). This dat as
105 usingt he equalizer CO analyzer system in the global ocC

pCO measured datogeaslThifacet p€Y sehéoaesdmeasured at ac
2019, which c¢an ¢evelatlthe tinte effmeaswement. he p CO I

2.2.2 Other data

A total of 25 potential influencing factors were selected for the study (Table 1), and their abbreviations are used for
110 convenience. These data are divided into three types of sourestsl abservationssatellite observations, and
numerical models, with good spatiotemporal resolution and coverage, providing reliable data sources for research.

Table 1 Specific information about influencing factors gort based on its resolution and name)

Spatia
_ Abbre | Temporal
Variable name o ) Data type DOI
viation resolut resolution
ion
Mass concentration of ) Satellite https://doi.org/10.48670/medi02
) chl 0.036 Daily ]
chlorophyll a in sea water observations 81
Volume attenuation coefficient ¢ kd490 0.036 Daily Satellite https://doi.org/10.48670/medi02

3



downwelling radiative flux in se¢
water
Ocean mixed layer thickness mlotst
defined by sigma theta *

Sea water salinity S0

Sea water potential temperatur thetao

Eastward sea water velocity uo

Northward sea watevelocity VO

Sea surface height above geoi  zos

Sea surface density dos

Sea surface salinity S0s

Mole concentration of nitrate in

nos
sea water
Mole concentration of dissolvec
molecularoxygen in sea water ©
Mole concentration of phosphat
in sea water po:
Mole concentration of silicate ir .
sea water S
Surface geostrophic eastward s
water velocity Hgos
Surface geostrophic northwarc
vgos

sea watewelocity

Ocean mixed layer thickness mlotst

0.083

0.083

0.083

0.083

0.083

0.083

0.125

0.125

0.25

0.25

0.25

0.25

0.25

0.25

0.25

Daily

Daily

Daily

Daily

Daily

Daily

Daily

Daily

Daily

Daily

Daily

Daily

Daily

Daily

Weekly

observations

Numerical
models
Numerical
modebk
Numerical
models
Numerical
models
Numerical
models
Numerical
models
In-situ
observations
Satellite
observations
In-situ
observations
Satellte
observations
Numerical
models
Numerical
models
Numerical
models
Numerical
models
Numerical
models
In-situ
observations
Satellite
observations
Numerical
models
In-situ
observations
Satellite
observations
In-situ
observations

81

https://doi.org/10.48670/md&00
21

https://doi.org/10.48670/md&00
21

https://doi.org/10.48670/md00
21

https://doi.org/10.48670/md&00
21

https://doi.org/10.48670/md&00
21

https://doiorg/10.48670/meD00
21

https://doi.org/10.48670/m00
51

https://doi.org/10.48670/m00
51

https://doi.org/10.48670/m00
19

https://doi.org/10.48670/m&00
19

https://doi.org/10.48670/m&00
19

https://doi.org/10.48670/m&00
19

https://doi.org/10.48670/mel303

27

https://doi.org/10.48670/me303

27

https://doi.org/10.48670/m&00
52



https://doi.org/10.48670/moi-00021
https://doi.org/10.48670/moi-00021
https://doi.org/10.48670/moi-00021
https://doi.org/10.48670/moi-00021
https://doi.org/10.48670/moi-00051
https://doi.org/10.48670/moi-00051
https://doi.org/10.48670/moi-00051
https://doi.org/10.48670/moi-00051

Satellite
observations

In-situ
observations https://doi.org/10.48670/medl00
Sea wéer temperature to 0.25 Weekly )
Satellite 52
observations
i ) Satellite https://doi.org/10.48670/mi01
Eastward wind uwind 0.25 Monthly )
observations 81
) i Satellite https://doi.org/10.48670/mi01
Northward wind vwind 0.25 Monthly ]
observatns 81
Aragonite saturation state in se In-situ https://doi.org/10.48670/m«l00
ar 1 Monthly )
water observations 47
Calcite saturation state in sea In-situ https://doi.org/10.48670/m«l00
ca 1 Monthly )
water observations 47
Sea water ph reported on tota In-situ https://doi.org/10.48670/m«l00
ph 1 Monthly .
scale observations 47
. In-situ https://doi.org/10.48670/m«l00
Total alkalinity in sea water talk 1 Monthly )
observations 47
Dissolved inorganic carbon in se In-situ https://doi.org/10.48670/m«l00
tcop 1 Monthly )
water observations 47
2.3 Data Processing
2.3.1 Data Matching
115 To reduce the impact of spati al -saonudr cteecalphaensd, | d w &Is ol ut
mat ching str at emgeyastua eglr dcad sas am@O potenti al i nfl
influencing variabl es -swdrueof@G@rsvtataloingsn e dt ewiptohr atl h eg aipre
infilledtivimarpetbatsbdn to ensur.d nchrhenoslpoagiicadl

werae i gned
120 used to
val ue

2.3.2 Analysis of Outliers

The study
mat ching
125 bel owea2®m0 and
concentrated
sampl e dat a
mat ched
measur ement
130 removed. For

3ar i t(elddi)o.n

2.3.3 Data Balancing

t hrough
suppl ement
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t hei
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The processed g@qladbali dedeamtdatfar sea lagbhd) nSdrt sebi da

anal ysis shows that the spatial and temporalwadi strib
used for spatial bwian np enrgf, o ratmedd tmomet hbliynntiongconstruct
uni t . T h es gytrtainrug aofi ttyhi s box not only meets the rese.
compatibility with the spatricet edmapar al resolution of n

Take the arithmetic mean of the data withial eaoch tuo
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Figure 1. The spatiotemporal distribution of datasets at different scalega)Global spatial distribution of
ocean data (b)Spatial distribution of data in far seaareas (c)Spatial distribution of data in near sea areas

2.4 Spearmancorrelation analysis of pCQ drivers

The potenti al influencing factors invol ved -ldion enaort fu
rel ationshi pThereeMeosrel p€COi ng appropriate correlation
Spearman correlation coefficient c@mrm@fa&ctively reve

) =(L1E_§LE (3

I n t huel phemmesent s t he dorrerperleasteinotns ctoheef fliecvieelntm i f f er er
represents the sample size qgfsthelwanrdall eiwhEih@atreas g
compl et e negati ve ecadrnrfdluaetnicdam gh e tdvwet eomrdsitdean & s p @0 c o mp |
correlation, and O indicates no correlation.

2.5 Model selection

To evaluate the model i ng abiwled drys torfu cdtiefdh ed iegah tmad @i & ri
d fferemt rreggs earsaqu | it ni glletadyir regg si acon vV(oMLURe Luonabivor k ( CNN) ,
gat eedcurument (IBREh)O, tetr memory (gedsdMaaldzenddel s (XxGABMMe e

g adibemgti ng (IXacBtoabwkdgssti ng (H@Bddet ¢ st MIhRFyer ves as
baseline that |imsadinlny tlyi mhss urefrgpceCd\adtCedxdt,0c acdad spati a
via convolution and poodl eadipLt@ryielr st itoon sp,r owdhuiclee fGRlE an
updaeset gates and metmorrm tceerhd sreaslc adid poroedadmicig per i odi
pCO or hitsétwtrurceal predicti on. GAM relaxes the &inearit
additive nonl i Xe&GBro oesftf eantd dArSBp®@©@Gt iiteratively opti mi
boonsgt ior weighted residuals to uncovedi mempiemalnohéart
and prGOhal l vy, RF constructs and averages many decisio
pC®sti mat escdlog ddaesgre dat ase

2.6 Performanceevaluation
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The datasets at different research regions were rand
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MAE = Yi¥i (4)
1 =
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MAPE = 22°0% = %% (5)
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1 " 2
MSE=T ¥y, (6)
1 =
1 " 2
RMSE = - Yy, (7)
=1
n 2
Y
Rx1l - 41— (8)
YiYi
i =1

I'n thenfadrsmulhe, nwohbiser vatiepe®msi t hemeasatend FOO@ the i
sampylies the correspomait gg epLdeeslent s t he meaalaksall m e

3. Results and discussion
3.1 Correlation detection
3.1.1 Interaction detection

Interactive detectio of variables was conducted in global ocefarssea areasindnear seareas (Figur@). The
concentration of chlorophyll and tlwelume attenuation coefficient of downwelling radiative flux havevalue

of 1 at all researclreascales indicatingcollinearity in numerical values. However, they respectively reflect
marine biological activity and optical properties, providing comprehensive information for Stinface pC@

The} value between tharagonite saturation state inssevaterandaragonitein seawater is also 1, atldeyare

positively correlated with the same magnitude of chahgis. usually stems from chemical equilibrium processes

in seawater, where the dissolution andcjpitation processes are influenced by similar physical and chemical
conditions. The correlation between sea water potential temperature and sea water temperature is extremely high,
but their physical meanings are different. The former reflects the egaitamperature after considering pressure,

while the latter reflects the actual temperature. Both can comprehensively capture temperature characteristics and
improve the accuracy alurface pCOevaluation
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195 Figure 2. Reallts of interaction detection between variables at differentesearcharea scalesba)@obal
Ocean Interaction Detection Results(b)Interaction detection results in far sea areas(c)Interactive
detection results in near sea areas

3.1.2 Single factor de&ction

The correlation betweesurface pCOand various influencing factors (FiguB was analyzed The results
200 indicate that at different regional scales, there is a significant negative correlation be@@emdph, meaning
that the stronger the acidity of seagratthe higher the u r f a c; the spra@der the alkalinity, the lower the
sur f ac atthe €&a@e timesurface pCOis significantly positively correlated with temperatule far sea
areas, the negative correlation betwgd®O and chlorophyll concentration and diffuse reflectance attenuation
coefficient is more significanindicating that it hasigher stability and balance in regulatip§O . In contrast, the
205 abovecorrelationin near sea areas weaker due to lardased pollution, human activities, and environmental
changes, but the negativerrelation betweepCO and seawater acidity is strongérhen selecting variables, the
study included factors with ayalue greater than 0.1 or less th@rl in the screening rangedasure the validity
of the results and improve model performance (Tabld@jitionally, SHAP methodwas usedto quantitatively
evaluate the contributions of various influencing factorsuidace pCO(Ge, Patino, Todisco, & Evans, 2022)
210 There were differences in the contriloms of influencing factors at different scal@e ph is the core driving
factor atall scalesbut its contribution intensity follows a distribution pattern fafr "sea areas global oceans
near sea argg The contribution of other factors shows significant regional heterogeneity, such as talk being the
second key factor at the global ocean scale, while the contribution ratenoh@ar sea areas has significantly
increased, making ar a region specific factor.

215 Table 2 Selection results of influencing factors at differenarea scales
Researc Influence factor
Gl obal phBodaclalkd43a9d0su wianpdga | @rz dasno natshdge @t adlckhs dad
tdt het ao
Ear €pfs‘lcI’TJ‘iIkd4<"5190@d0‘z5‘1sl @n wianpdgh z d&dsno natshas adlskbc aaay ea
tdt het ao
Near s phoap@ml|l adasnegac Rk d4a9nd o8& s tadl @nmo natchaad s @s

sat adltkbt het ao
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Figure 3. Single factor detction results at different researcharea scales (a)Global ocean single factor
detection results (b)Far sea single factor detection resultc)Near sea single factor detection results

3.2 Modelconstruction and evaluation

3.2.1 Constructionand evaluation of global oceansurface pCOz2 model

Based on the correlation analysis results of the above fati@study selected key driving factors to construct

and evaluate a gl obal s e a Owingrtof tiee darmge gmount of date, e ranslamtyu c t i 0
selected some data from all the fitting results to show the observation perforriifferent models exhibit

significant performance differencesémaluatings ur f ace pCO at t hed)gpeoificaly, ocean
there is a significant gap between thedelvalues of MLR, CNN, and GRU and the treedues, especially in the

l ow value (<300 eatm) and high val ue (TableB3)dle deviatibrm) r ang
is due to the model's insufficient ability to capture nonlinear relationships in complex marine environments,
limitations in handling extreme values, and the model's own structure is not sufficient to adapt to complex data
features. The LSTM and GAM models have relatively large errors and poor performance, indicating deficiencies

in capturing the characteristics®fur f ace pCO changes. Whemnrdéxattree me Of |, ud
fitting ability significantly decreases. The comprehensive performance of XGBoost and LSBoost has significantly

i mproved, with MAE reduced to 48t ma3mm~48t mat aand RRISEe)
The effective explanation of multivariate nonlinear relationships and the application of model ensemble strategies

have improvedthaccur acy of the two model s withi nhetetremenor mal
values processing still needs to be improvddhe performance of RF is the best among all models, with MAE
reduced to below 4 ¢gat m, RMSE r educedtnoétonlyachieven d 6 ¢ ¢
accurate fitting in the range of 300 eatm~500 egatm v
adaptability of RF to higldimensional data and a large number of samples makes it perform well in fitting tasks in
complexmarine environments

Table 3 Performance parameters of different models in the global ocean

Mo d el MAE atm MAPE MSE at m RMS/Eat m R

“ RF 3.895 0.01 46.162 6. 794 0. 98
11
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LSBoo: 15.626 0.04 664. 18" 25. 772 0. 78
XGBoo:¢ 17.262 0.D5 908. 87" 30.148 0. 7C
GAM 19.903 0.05 1398.6¢ 37.399 0.514
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GRU 19. 053 0.05 1480. 1°¢ 38. 473 0.51
CNN 19.903 0.05 1484. 6: 38.531 0.51
ML R 19. 952 0.05 1615. 1°¢ 40.189 0. 47
° RF 3.902 0.01 46.0909 6.790 0.9¢8
*; LSBoo: 15. 604 0.04 661. 20 25. 714 0. 78
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Figure 4. Model performance atthe gobal ocean
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3.2.2 Construction andevaluation of surface pCQ: model in far seaareas

The far se@nvironment is relatively stable, and the model performance has been impraizi4) The bias of

MLR, CNN, and GRU model s been reduced, with MAE 1
catm RJn r emai ng around 0.6. The MAMSHBHDT fi d Sarbvb vaen d2 5G At
and R3s around 0.64. The performance of the two models has improved compared to extreme value ranges, thanks

has
ni

to the ability of LSTM to process time series datal capture the dynamic characteristicsaf r f a caver p CO

time, and GAM fitted the relationship betweenu r f a c and ipfl@2@cing factors by constructing a nonlinear

additive model. XGBoost and LSBoost perfogmen better in far sea areas, especially with high fitting accuracy in

the range 300 gatm~500 egat m, MAE 11 egat m~1
increased to around 0.8. Theodel performance of RF in far sea areas is alptimal, relying on strong

of around
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255

260

265

generalization ability and feature selection mechanisms to effectively address the variability factors in marine

environments

Table 4. Performance parameters of different models in the far seareas

Mo d e | MAEAt m M APE MSE&t]m RMSEa/t m Ra
o RF 3.068 0.00 27.456 5.240 0.9
f LSBoo: 11.509 0.03 337.85: 18.381 0.8
c XGBooO:¢ 13.191 0.03 500. 05« 22.362 0.7
o GAM 14.066 0.04 623.50: 24.970 0.6
: LSTM 14. 160 0.014 647. 85 25.453 0.6
GRU 14.377 0.04 665. 92 25.805 0.6
CNN 14. 882 0.014 681. 12( 26. 098 0.6
ML R 15. 274 0.014 737.90: 27.164 0.5
° RF 3.061 0.00 27.110 5.207 0.9
. LSBoo: 11.532 0.03 338.10: 18.388 0.8
o] XGBoo: 13.243 0.03 511. 31¢ 22.612 0.7
— GAM 14. 143 0.014 644. 144 25.380 0.6
© LSTM 14.219 0.04 667.94° 25.845 0.6
> GRU 14.441 0.04 686. 35" 26.198 0.6
CNN 14.929 0.014 701. 27¢ 26. 482 0.6
ML R 15. 336 0.014 758. 81¢ 27.547 0.5
o RF 2.900 0.00 22.082 4.699 0.9
c LSBoo: 11.521 0.03 339. 77 18. 433 0.8
: XGBoo: 13.223 0.03 508. 77: 22.556 0.7
o GAM 14.104 0.04 638. 36: 25.266 0.6
o LSTM 14.201 0.04 663. 51 25.759 0.6
GRU 14. 423 0.014 681. 86¢ 26. 113 0.6
CNN 14.914 0.014 696. 71¢ 26. 395 0.6
ML R 15. 316 0.04 754 . 14 27.462 0.5
3.2.3 Construction andevaluation of surface pCQ: model in near seaareas
Due to various complex factors, the spatiotemporal distributiecnwfr f ace p CO in the near s

variability, reslting in a decrease in the performancénafconstructed surface pG@odels Table Sresults show

that MLR, CNN, and GRU have limitations in handling complex nonlinear relationships. In the low and high value
ranges, the MAE of h e cwdm, 3daqnat R] RMSDeda
LSTM constructs a nonlinear additive model through its gating mechanism and GAM, which improves the fitting

three model s reaches

ability to a certain extent. The MAE of the modelisinthegae o f 3 3 gthee RMSE3s4dn the mngenof
56 eatm~58 e€atm, and the R] remains in the range of O
numerical range. XGBoost and LSBoost improved the accuracy of fitting extreme values byctiogstnultiple
weak | earners to combine the fitting results. The MAE
RMSE remained around 35 gatm~42 ecgatm, and the R]Jincre

decision trees and iegrated the fitting results to adapt to the variability and variability of the near sea environment,
ng fitting;RMSE omansa nacbeo.u tl t8s eMA Em, w aasr
above 0.95, significantly outperforming othraondels

demonstrati robust
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Table 5. Performance parameters of different models in thenear seaareas

Mo d e | MAEAt m  MAPE MS B4 t]m RMSEa't m Ra
o RF 5.396 0.01¢ 98.332 9.916 0.97
S LsBoo 23.672 0.071 1267.8 35.607 0.83
S XGBoo 27.29¢ 0.08: 1782.4 42.231 0.76
© GAM 34.08€ 0.10z 3058.7 55.306 0.509
- LSTM 32.73¢ 0.10C 3273.9 57.219 0.56
GRU 34.022 0.10: 3754.6 61.275 0.50
CNN 36.30¢ 0.11C 3989.5 63.163 0.47
ML R 36.264 0.10¢ 4426.7 66.534 0.41
s RF 5.346 0.01¢ 93.028 9. 645 0.97
~ LSBoo 23.604 0.071 1263. 4 35.546 0.83
s XGBoo 27.234 0.08: 1766.7 42.032 0.76
- GAM 34.04C 0.10:z 3033.2 55.075 0.509
© LSTM 32.68€ 0.10C 3259.0 57.088 0.56
> GRU 33.987 0.10: 3727.1 61.050 0.50
CNN 36.23¢ 0.11C 3955.7 6 B95 0.47
ML R 36.18¢ 0.10¢ 4387.9 66.242 0.41
o RF 4.756 0.01¢ 64.708 8.044 0.97
c LSBoo 23.564 0.071 1244.09 35.283 0.83
~  XGBoo 27.29¢ 0.08: 1788.3 42.289 0.76
» GAM 34.204 0.10: 3134.0 55.983 0.59
2 LSTM 32.911 0.10C 3394.3 58261 0.56
GRU 34.23€ 0.10: 3904.3 62.485 0.409
CNN 36.465 0.11C 4132.3 64.283 0.46
ML R 36.405 0.10¢ 4594.5 67.783 0.40

270
3.3 Independent validation of the model

Thesur f ace pwWweindependentlyl validatedt different regional scales, inputting data independent of
the model constructinrcomparing the accuracy of the fitted values with the true values, and evaluating the
applicability and accuracy of the model in complex marine environmehéscatter plot with true values as the

275  x-axis and fitted values as theayis was dawn, with colors representing kernel density to reflect the distribution
trend of points. At the global ocean scale (Figbyethe scatter distribution of MLR, CNN, GRU, LSTM, and
GAM shows a large elliptical shape, and the fitted values deviatéisamtly from the true values, especially
around the extreme value of pe&6n the sea surface. The scatter distributions of XGBoost and LSBoost have
shrunk. The RF model has the best fitting performance, with a clear convergence of the scatterodistributi

280 concentrated on Y=X line, and can effectively avoid errors in the extreme value region, indicating that its fitted
value is consistent with the true value and has good stability.

17



uonjezijeuriou A}Isuap [auIdy
L] ° < ol

o o o o

1.0
0.0

Convolutional Neural Network

=3 o o [=] =]
2 g B R 2
(unerl) anjea papiy

700
600

uoljezijewou A}Isuap |auiay

Multiple Linear Regression

[=] (=] o o
2
(wyerl) anjea papi4

700
600
40!
301
20
100

100

200 300 400 500 600 700

100

Actual value (patm)

Actual value (patm)

b

Gated Recurrent Uni

Long Short-Term Memory

1.0

uonjezijeuriou A}Isuap [auIdy
L] ° <

o o o

]

(=)

0.0

700

600

o
2
(uyyerl) anjea papid

uoljezijewou A}Isusap |auidy

100

700

600

o =3 o
R g R
(wyerl) anjeA papi4

200

100

200 300 400 500 600 700

100

Actual value (patm)

Actual value (patm)

1.0

uonjezijeuriou A}Isuap [auIdy
L] ° < ol

o o o o

0.0

eXtreme Gradient Boosting

700

600

° ° °
R g B
(wyerl) anjea papig

uoljezijewou A}Isuap |auiay

Generalized Additive Model

700

600

[=] (=] o o
2 g R R
(wyerl) anjeA papi4

100

200 300 400 500 600 700

100

Actual value (patm)

Actual value (patm)

=

18



Least-Squares Boosting Random Forest

700 1.0 700 - 1.0
§ '
600 . sid SR 600
0.8 ¢ 0.8 ¢
o o
= =
£ 500 8 = 500 i 8
E s E Y i E
s 06 E S RE A0 06 E
A 5 5 g
= 400 & = 400 < 5
© 2 w . 2
> @ > T 3 @
E 0.4 g E 0.4 ]
& 300 = £ 300 P g 5
g i : £
< Y (4 <
02X y s 02X
200 e
sl
0.0 100 0.0
100 200 300 400 500 600 700 100 200 300 400 500 600 700
Actual value (patm) Actual value (patm)

Figure 5. Independent verification performance of the models in the global oceanight axis: Normalized
probability density of model residuals.((a) MLR, (b) CNN, (c) GRU, (d) LSTM, (e) GAM, (f) XGBoost, (g)
L SBoost, (h)RF)

285 Infar sea area@-igure6), the scatter points of MLR, CNN, GRU, LSTM, GAM, and XGBoost models exhibit
elliptical distribution and diverge at both ends, indicating their limitations in dealing with extreme flucsuat
s ur f ac. &hepadat@r distribution ellipse of the LSBoost model significantly shrinks, and the divergence
situation converges at extreme values, improving the fitting accuracy. The scatter distributionFofrtbdeRis a
flat ellipse, with the minimum difference between the fitted value and the true value, effectively reducing extreme
290 errors.
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Figure 6. Independent verification performance of the models inthe far seaareas, right axis: Normalized
probability density of model residuals ((a) MLR, (b) CNN, (c) GRU, (d) LSTM, (e) GAM, (f) XGBoost
(g) LSBoost, (h)RF)

In the independent validation of modelsni@arsea areas, each model showed different performances€rig

The scatter of MLR, CNN, GRU, and LSTM shows an irregular distribution, with significant differences between
the fitted values and the true values, and severe divergence indhighareas. This is due to the high variability in
nearsea areawhich makes it difficult for the model to cope with. The scatter distribution of GAM and XGBoost
has begun to show an elliptical shape, which has certain adaptability to complex environments. The scatter

295
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300

distribution of LSBoost shows a clear elliptichbpe, which improves the fitting stability. The RF model shows

significant improvement in performance, with overall convergence of scatter distribution and no significant
divergence in both low and high value oceans. It can effectively reduce extrensagmloreconstrugurface

pCO with high accuracy
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Figure 7. Independent verification performance of the models in the near seareas, right axis: Normalized
probability density of model residuals.((a) MLR, (b) CNN, (c) GRU, (d) LSTM, () GAM, (f) XGBoost

(g) LSBoost, (h)RF)

3.4 Reconstruction ofsurface pCQ:

Themulti-source datavasinput into theconstructed RF model at differeareascaleswith extracting the variable
values of influencing factors from the mudtburce data grid by grid to fit the u r f a ¢ ealugs ©fQhe
corresponding grid. If there are missivejues in a certain grid in the mu#fource data, the correspondsgface

pCO value at that | ocation wil

| be

out pu

t as a

based on the original datahe blank values are mainly euo the systematic exclusion of land pixels and the

bl ank

limitations of data acquisition in high latitude sea areas: the former is excluded because it does not participate in

ocean processes, while the latter is due to the lack of satellite data for keytpesaiangsed by sea ice coverage or

insufficient light, resulting in the inability to reconstruct the values in the redihe.final generation of the

surface pCO di stribution map f

The reconstruction results of ur f a ¢ at the @l@bal ocean scale are consistent with the distribution

or the

year 2000~

2019

characteristics of LDEO actual observation data, confirming that the RF model can effectively capture the spatial
distribution patternof§j | obal ocean surface pCO
the spatial distribution of u r f a ceshibjis@ Clear latitude dependence, with a distribution pattern of "high at

the equator and low at thelps". The independent observation data based on the route was compared with the
reconstruction results obtained at the closest collectionfimee gl o b al
showedMAE of 11.067¢ a t MAPE of 0.037, MSEof 396.060¢ a ¢ERMSE of 19.901¢e a t amd R of 0.816.
This indicates that the deviation between the recocitgtd results and the actual observed data is small, and can

accurately reflect the average distribution characteristisswfr f a c e
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Figure 9. Comparison ofsurfaceoc e a n  radwats from different studies

Compared with other existing studies on the reconstructisnwfr f a c (Eigupe @)@hese methods are highly
consistent with our results in the reconstructed spatial npadidrn(Z h o et @., 2022C h &tal., 2021C h a u

330 etal., 2022. Although different studies have used different data sources, models, or methods, similar conclusions
can be drawn when describing the overall distribution
some extent verifies the reliability and accuracy of the reconstructed results. This study usesdhigion data
and RF models to make the reconstruction results more detailed, especially in the high latitude marginal sea areas
of the North and SoutRoles.

335  The reconstruction results of the far sea regioomedthat thes u r f a ciethepequétorial low latitude region
was higher, while tes u r f a c ia thgppOl&@ high latitude regiowas lower (Figure 10). We evaluated the
difference in fitting accuracy between the far sea regional model and the global ocean modat sethareaby
comparing independent observation data based on flight routes with the reconstructed results of the two models.
The results showed that the MAE of the-§@a model was 9.060¢ a t the MAPE was 0.027, the MSE was

340 269.511¢ a #thm RMSE was 16.41g a t amd R3vas 0.826; the MAE of the global model was 9.x24 f tie
MAPE was 0.027, the MSE was 275.582 tthe RMSE was 16.60k a t amd Rivas 0.822The reconstruction
accuracy of the far sea area model has slightly improved amuifgo the global ocean model in the far sea area
(Figure 11), indicating that the optimization of the far sea area model in local areas has improved the
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345

350

355

reconstruction accuracy. However, the global ocean model can still provide asourafe a ¢ étting i€ Qe far

sea area by adapting to the overall ocean environment.

To verify the accuracy of the time series reconstruction of the model, a comparative analysis was conducted on the

temporal changes between the observation data of thaiH@cean Time series (HOT) and the reconstruction
results of the global ocean afadl sea area@-igure12). The results showed that the temporal trends of both scales
were consistent with the actual measurement data of the Hawaii obsestation. Research has shown that the

model performs well in fitting the dynamic changes of time series and can accurately reflect the temporal evolution

ofsur face

pCO

Far sea

Figure 10. Surface oceanp C O
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Figure 11. Comparison of reconstruction accuracy inthe far seaareasusing different scale model&right
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The reconstretion results o6 u r f a cirthem&asea area showed (FiglBgthat thes u r f a cvaluepif O

360 the low latitude near sea areas on both sides of the equator were higher, which was closely related to factors such as
high seawater temperature and vigorous evaporation. The seawater temperature in high latitude oceans is lower,
causing changes in ocean circulation and mixing processes, and the overall srand of a ciedeque@sing. A
comparison was madbetween the fitting accuracy of the near sea area model and the global ocean model in the
near sea regioif.he results showed that the MAE of the nrglaore model was 20.145a t timee MAPE was 0.065,

365 the MSE was 983.726 a tthe RMSE was 31.36&atm and Ravas 0.797; the MAE of the global model was
20.324¢ a t tle MAPE was 0.065, the MSE was 999.t4& gthra RMSE was 31.602 a t amd R3vas 0.794.
The reconstruction effect of the near sea area model has been improyestted to the reconstruction results of
the global ocean model in the near sea area (Fitf)reindicating that the use of RF can model the complex
marine environment in the near sea area and accurately reflect the distribution charactesistias 6fa cie p CO

370  the region.
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3.5 Spatiotemporalanalysis ofsurface pCQ:

At the global oceanic scale (Figudd), the equatorial region experiences strong solar radiation and high

temperatur e
seawater ri
temperatur e

s, resulting in relati welofyupwelbng brings tee i | i t y
ch in CO to the surface, |l eading to an
environment in polar oceans, the solubil

coverageand strong wind fields in polar waters promote gas exchange between the atmosphere and the ocean,

resul ting i

n rel

atively |l ow

c o refna cimthepA@&@ctic regibn isp C O

(0]

generally higher than thah the Arctic region, because the circulation system transports a large amount of
seawater with higb u r f a cfem lpvCl&itudes to high latitudes. At the same time, the melting and formation
of sea ice also have an important impactrendistribution o6 u r f a c Pue  @®wider coverage of sea ice,
the Arctic region is less affected by the North Atlantic warm current, asduts f a coencent@fn is lower

compared to the Antarctic region.tihe r ms

of ti me

, t he

gl obal

ocean

N

sur f ac

by year, which is related to global warming. The rising sea temperature in mid latitude waters leads to a decrease in
CO; solubility and promotes an increasesinr f a ¢ e€onge@rétion.
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In the far seareaqFigurel6), thes u r f a ciehigipeCitOthe low latitude areas near the equator, pkatigin

the eastern equatorial Pacific. Mainly due to the upwelling of seawater in the region, which brings cold water rich
inCohfrom deep | ayers to the surface of the ocean, r
surface. In the mitb high latitudes of the far sea region, he r f a cshowpaldv characteristic, which is due

to the ocean circulation pattern promoting the mixing of surface seawater and deep seawater, resulting in relatively
low surfa c e pd@€Eentration. The low temperature and strong biological pumping effect enhance the
absorption of atmospheric G@y the ocean, leading to a lavu r f a c encent@aton. In terms of time, the

s ur f acshowp &rénd of increasing year by year, especially after 2015. This is closely related to global
climate change, changes in ocean circulation patterns, and the impact of human activities.
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The exchange of CO bet ween s e asmartfeacvaupidCe@tiveivbighp her e i
In mid to high latitude oceans, les@mperature seawater, polar cold water sinking, and deeptseapavelling
result in relativel yThd recanstmationcesufts sfuartfiaociesthepo&ad sega@®a
(Figure17) show that the equatorial region has strong solar radiation, high temperatureeseavasthe influence
405  of tropical cyclones and trade wind@ike distribution characteristics sfu r f a c &re sp@fidant along the
eastern coast of Asia in the mid latitude region of the Northern Hemisftersurfae p @ @he Yellow Sea
and Bohai Sea oceans is significantly lower than that in the coastal areas of eastern North America, which is related
to the East Asian monsoon circulation and complex marine ecosystems. 'nef a c ie thepbGr@®r waters
between Southeast Asia, the Indian Peninsula, North America, and South America is relatively high. Due to the
410 influence of monsoon climate and tropical cyclones, high sea temperatures, as well as marine pollution caused by
human activities, haveollectively led to an increase ;mu r f a c €éempo@lythes u r f a cie near €@
areas has been increasing year by year. Due to the increase in temperature in low latitude sea areas, the solubility of
co i ner deereages, ind the upward trend of r f a cigmope Gronounced.
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Figure 17. Annual spatiotemporal variations of surface oceanp C O ingar seaareas

415 4. Conclusion

This study is based on a muiitale analysis framewodf the global ocearfar sea areas, and near sea areas. Using
LDEO measured data combined with misitiurce data, multiple machine learning models were used to construct
and reconstruct the annualu r f a c distripudd of 0.25% 0.25f rom 2000 to 2019, revealing its
spatiotemporal variation patterns and driving mechanisms. The research results indicate that the Random Forest
420 (RF) model exhibits optimal performance at different scales and can effectively capture the spatiotemporal
distribution characteristics &f u r f a c. €he gisriBution pattern f u r f a c showp &pattern of "high at
the equator and low at the poles" in space, and an increasing trend year by year in time. Different oceans exhibit
different characteristics of changes due to the combined effects of natural factors and human activities. The acidity
and alkalinity of seawater are the main driving factors for changeslim f a ¢ &nd theCcntributions of other
425  influencing factors vary at different scales.

Although this study has achieved certain results, the complexity of ocean carbon sinks still needs further
exploration. Future research can focus on optimizing models, developing hybrid models, and combining advanced
algorithms with ocean mechanism models; At the same time, we will strengthen interdisciplinary studies such as
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oceanography, ecology, and climatology to comprehensively reveal the process of ocean carbon cycling and
provide scientific basis for addressicigmate change.
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