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Abstract

The partial pressure of carbon dioxide (pCO ) on the
the ocean carbon budget. Insufficient consideration of thetsffat the sea area scale makes it difficult to
comprehensively evaluate the spatiotempor al di stribu
study constructed a pG@valuation dataset based on LDEO measurement data andsowtte dataAfter

conducting correlation testing on a global, far sea, and near seaswale,@aan sur face pCO evalu
constructed using multiple linear regression, convolutional neural network, gated recurrent unit, letgrshort

memory network, gemalized additive model, extreme gradient boosting, least squares boosting, and random
forest. Performance evaluation indicates that the raddoest model consistently achieves the best accuracy
across all spati al s c al e satm agdi ae R%f D.986. Inahe gperoobeann, RMEMSE o f
decreases to 4.699 egatm and R] ri ses to 0.988, wher e:
declinesto0.97Based on this, the annual s ea s2000ftoa2@16 was C O di
reconstructed. The 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 subtropi@l coastal oceans.

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

This study reconstruct s i2019pusimghulticaureeadata and machane kearnng; O (2
identifying RF as the optimal model and revealing equatbigi/polarlow patterns with rising trends.

1. [Introduction

The partial pressure of carbon di oxi thdicatorfor measarings ur f ac e
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 carbor{Failewski et al., 2000)

Numerous scholars have conducted research on pCO es

satellite remote sensing data and machine leaalgayithms. In the study of sea surface p@Qocal sea areas,

Tel szewsKki et al . reconstructed the d-organizingmeutali on of
1
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networkgTelszewski et al., 2009)Landschiizer et al. reconstructed the distribution map of Atlantic sea surface
pCO u s-argargzing neap feedforward neural network metlioahdschiizer et al., 2013)Chierici et al.

evaluatedt he feasibility of | oiimAntagcticeea tthe Pacifici reggusiageship sur f ac
borne measured data and remote sensing(Ghtarici, Signorini, MattsdotteBjdk, Fransson, & Olsen, 2012)
Nakaoka et al . established a nonlinear relationship

self-organizing neural netwosk and reconstructed the spatiotemporal variation of sea surfacarp@®® North
Pacific(Nakaoka et al., 2013Marrec et al. used multiple linear regressiontoedtima t he sea sur face
waters of the Northwest European continental diMdfrrec et al., 2015)Gregor et al. proposed methods such as

support vector regression and random for es{Gregoggr essi o

Lebehot, Kok, & Scheel Monteiro, 2019) Wang et al . reconstructed the dist
Southern Ocean using correlation analysis f@ed forwardneural networkgWang et al., 2021)Lohrenz et al.

reconstructed the sea surface pCO i n t h(leohrenpatdlher n Gu
2018); Chen et al . compared the performance of vari ous

Mexico (Chen et al., 2019Fu et al. applied cubist models to estimate pCOon t he sur face of t he
(Fuetal,2020Zhang et al . constructed a sea surf &bang, pCO re

Rutgersson, Phpson, & Wallin, 2021)In the study of globabcean surface pGQLandschiizer et al. expanded

the research scope to the gl obal l evel , reconstructe
extended it to 1982 to 20iLandschizer, Gruber, & Bakker, 2016; Landschiizer, Gruber, Bakker, & Schuster,
2014).Gr egor et al . reconstructed the pCO dGregdr,Kokb ut i on
& Monteiro, 2017) Zhong et al. used generalized regression neural network and stepwise regression algorithm to
constructthep C O di stribution map, a n goritiono andfeed revardsduralp wi s e r
net work, constructed a 1AT1ApcCO distribution map fr
provinces defined by the safganizing map metho@hong et al., 2022)

By summarizing previous research, the key limitations of current sea surfaceamCO

(1) Insufficient Consideration of Spatidketerogeneity

Most existing 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 environmental conditions,
drivingfad or s, and pcCO variation characteristics between
To address this issue, our study constructs a +scétie analysis framework covering the global ocean, far sea

areas (water depth > 200 meters), and near sea areas (wgter dv O 200 met er s) . The r esce

into far sea areas and near sea areas based on water depth, asdpseatei f i ¢ p CO eval uat.i
established. For the environmentally stable far sea areas, we emphasize capturiteymomgmpork
dependencies and signals of lasgale hydrological and biological processes. For near sea areas affected by
various complex factors, we incorporate reggmecific driving factors and optimize the model structure to adapt
to high variability. This targted 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 structures or globally unified icatitns 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, making it difficult for the mtalel
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 identified the Random Forest{@del as the optimal model across all scales.
Its advantage in capturing complex nonlinear relationships enables it to adapt to the environmental characteristics
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of different sea areas. Meanwhile, based on Spearman correlation analysis and the SHAEY (Sdthfve

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 rate of mole concentration of
dissolved moleculanoy gen i n sea water (O ) significantly increa:
targeting of driving factor selection.

(3) Low Reconstruction Resolution

Some existing studies lack the overall processing of spatiotemporal differencesiisaurde data, resulting in

l ow spati al resolution of pCO reconstruction produc
accurately reflect the spatiotemporal wvariation char a
We address this limitath through higkresolution and higiprecision reconstruction strategies: by processing
multi-source data (including strict data matching, outlier handling, and data balancing strategies), we reconstructed
the annual pCO di st rof Ohi26%.25%rom 2000 to A01% Thé resglts demenstraté that i o n
the accuracy of pCO reconstruction is significantly

2. Methodology

2.1 Research Area

The global ocean, excluding the perennialdogered waters inhe core area of the Arctic Ocean and the
permanently frozen areas around the Antarctic continent, has a total area of 336 million square kilometers,
accounting for approximately 92.8% of the global ocean surface area. This research focuse$ tirtretad

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 pCO is influenced by varic
scales based on water deptlentifying the areas beyond the continental shelf (water depth > 200 meters) as far
seaareaa nd the areas within the rangeas (water depth O 200

2.2 Data sources

2.2.1Actual measurement data

The measured data of pCO is sourced from -Glomb a | Sur
Surface pCO (LDEO) Database (noaa. gov)). This dat as
usi ng t he englyrer bystemeim the@lobal ocean. The dataset provides various types of sea surface

pCO measured data. This study selected ocean surface
2019, which can truly r eniehserentent.t he pCO l evel at the t

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
convenience. These data are divided into three types of sourcstsl abservations, satelligbservations, and
numerical models, with good spatiotemporal resolution and coverage, providing reliable data sources for research.

Table 1 Specific information about influencing factors (sort 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/mdi02
) Chl 0.036 Daily ]

chlorophyll a in sea water observations 81




Volume attenuation coefficient c
downwelling radiative flux in se¢
water
Ocean mixed layer thickness
defined by sigma theta

Sea water salinity

Sea water potential temperatur

Eastward sea water velocity

Northward sea waterelocity

Sea surface height above geoi

Sea surface density

Sea surface salinity

Mole concentration of nitrate in
sea water
Mole concentration odissolved
molecular oxygen in sea watetr
Mole concentration of phosphat
in sea water
Mole concentration of silicate ir
sea water

Surface geostrophic eastward s

water velocity

Surfacegeostrophic northward

sea water velocity

Ocean mixed layer thickness

kd490

mlotst

*

So

Thetao

Uo

Vo

Z0s

Dos

Nnos

02

P04

Ugos

Vgos

mlotst

0.036

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

Daily

Weekly

Satellite
observations

Numerical
models
Numerical
models
Numerical
models
Numerical
models
Numerical
models
Numerical
models

In-situ
observations
Satellite
observations

In-situ
observations
Satellite
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

https://doi.org/10.48670/mdl02
81

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

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

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/m00
21

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

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

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

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

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

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

https://doi.org/10.48670/me303

27

https://doi.org/10.48670/me303

27

https://doi.org/10.48670/m00



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

observations
Satellite
observations

52

mat ching

influencing

infilledtivinear petbatbbdn
120 wenraeé i gned

used to
val ue

2.3.2 Analysis of Outliers

t hrough
suppl ement
emvpC€COnNnment al

to

preci se

strat engeya stua eglr dad sas am@O potenti al i
vari abl es -swd rueopfG@rsvtataloingsn e dt ewiptohr atl h eg aipre
ensur.d nchrhen oslpoagiicad |
geographic
mi ssi myAfptoe rntnsa ttcoh ii nmgp,r oevaec hs ppactii natl
variabl es,

and

In-situ
observations https://doi.org/10.48670/medl00
Sea water temperature To 0.25 Weekly )
Satellite 52
observations
i ) Satellite https://doi.org/10.48670/mi01
Eastward wind Uwind 0.25 Monthly )
observations 81
) ) Satellite https://doi.org/10.48670/mi01
Northwardwind Vwind 0.25 Monthly )
observations 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
115 2.3.1 Data Matching
To reduce the impact of spati al -saonudr cteecamhaensd, | d w s ol ut

nfl

coordi naa e

corresponding

uenci

dci omesnissi |

125

130

The study conducted quality control on the matched data by regqanissing values generated during the
matching process. According to data statistics and previous research exp@tiareteal., 2024)measured data
200
concentrated in coastal areas, reflecting the variability of land sea interaction effects. Outliers are valuable sample

t he p C Qeach roiid it veas fguimd tltabnmapy autliars matcked a n a | y
the route, and it was determined that their outliers were caused by environmental changes rather than measurement

bel ow € at m aaraclassified aseoutl@r8. Orhe sspatiahdistribution of outliers is mainly

data for study of

errors. Therefore, valid outliers were retained and only obvious measurement errorrdatamexed. For other

environment al variable values, abnor mal data was iden

2.3.3 Data Balancing

The processed global aredata was divided into far sea and near sea datasets (Fadure). Statistical analysis
shows that the spatial and temporal distribution of data is uneven. Therefore, a 0.2580i@%%as used for
5
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140

spatial binning, and time binning was performednthty to construct a spatiotemporal joint binning unit. The
granularity setting of this box not only meets the research accuracy requirements, but also maintains compatibility
with the spatiotemporal resolution of medthurce data.

Take the arithmetic meaof the data within each unit as the representative value, with the spatial position
represented by the grid center point, and the time calculated as the weighted average based on the distribution of
data points (Formula 1). This method effectively batanihe data distribution while ensuring accuracy.

Qoz T2 )
xe= Gp (2)

In the formula,tayg is the weighted average time of the spatiotemporal bdx,the total amount of data in the
spatiotemporal bowy; is the weight of the-th data pointfiis the time ofthet h d at a tpisathesamplingand
time interval between theth data point and the previous point. After data balancing processing, the dataset for this
study was finally constructed, laying a solid data founddfioo the construction of mutscale models.

¢
Year

(b)
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145 Figure 1. The spatiotemporal distribution of datasets at different scalega)Global spatial distribution of
ocean data (b)Spatial distribution of data in far sea areas(c)Spatial distribution of data in near sea areas

2.4 Spearmarorrelationanalysis of pCQdrivers

The potenti al influencing factors invol ved -ldion enaort fu
rel ati onshi pTheerteMecerne ,pCsCel ecting appropriate correlat
150 Spearman corr elaant iedrf excdd fvfeil oyi aretv e a(l&rtnt3d) acor rel ati on |

) ;“;15_3& 3)

In the formula, represents t he Doaoepresergsithe tevelodifferenae offthe ivariable, mnd,

represents the sample size of the-1landt,iwhkelel irdicatese r ang

compl et e negative <correlation bet ween the influenci |
155  correlation, and 0 indicates no cortéa.

2.5 Model selection

To evaluate the model i ng ab iwédonstycten eightcomptireermedels atal gor i
different research regions, includingultiple linearregression (MLRxonvolutionalneuralnetwork (CNN),gated
recurrent unit (GRU), long short term memory (LSTM)generalizedadditive models (GAM), etremegradient
160 boosting (XGBoost)|eastsquareshoosting (LSBoost), andandomforest (RF).MLR serves as a baseline that
linearly links temperature, salinity and nutrients to-sear f ace pCO . CNN extracts
convolution and pooling layers to produce fimec al e p CO di stributions, whi | e
updatereset gats and memory cells, capture letggm temporal dependencies of oceanic periodic changes on
pCO forto-husuoei paledi cti on. GAM relaxes the Ilinearit
165 additive nonlinear ef f e c tteratively opti®i@e tree exserBbtes throughagradientL S B 0 o
boosting or weighted residuals to uncover complex nonlinear relationships betweeimmegisional features and
pCO . Finally, RF constructs and aver aigvwesr inmag yr odbewsits i |
estimates for largscale ocean datasets.

2.6 Performancevaluation
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The datasets at different research regions were rand
8:1:1 ratio. Five statisticadat mgtthheo dasv, e rMegaen afbssod |uuttee
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concentMedn oBguar ed caEfmi drhe ( MYBI,ar ed cdaviocavteironal laveama
emphasi zi ngdilsacrgeRaoptdGMe an Squaread mEheos qUBMSE,r oot o}
providing a metriuaits thatoi isgOoe#alfiipcC@att @[ ) tDeet ieerms n

proporgC@mrofance explained by the model, with values
s kl.i |
1 n
MAE = Yi¥i (4)
1 =
oon ARV
MAPE = 120% = %% )
n i =1V
1 " 2
MSE=- ¥i-yi (6)
1 =
1 " 2
RMSE= T ¥, ()
n 2
Y
Rx1l - 41— (8)
YiYi
i =1

I'n thenfadrsmulhe, nwhbiser vatilep6®esithemeaswertend pFLOO the i
sampylies the correspomait pg eppdeeslent s the meaaloksall m €

3. Results and discussion
3.1 Correlation detection
3.1.1 Interaction detection

Interactive detection of variables was conducted in global ockarsea areasindnear seareas (Figur@). The
concentration of chlorophyllandthe | ume attenuation coefficienvalumf down)
of 1 at all researclreascales, indicatingollinearity in numerical values. However, they respectively reflect
marine biological activity and optical properties, providing caghpnsive information for fittingurface pC@

The |} val uearagbnitd sateraion statdie sea watedaragonitein seawater is also 1, atldeyare

positively correlated with the same magnitudelange. This usually stems from chemical equilibrium processes

in seawater, where the dissolution and precipitation processes are influenced by similar physical and chemical
conditions. The correlation between sea water potential temperature and sdampdeature is extremely high,

but their physical meanings are different. The former reflects the equivalent temperature after considering pressure,
while the latter reflects the actual temperature. Both can comprehensively capture temperature sties aatdri

improve the accuracy af u r f a cewaluptiGnO
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Figure 2. Results of interaction detection between variables at differenesearchareascales a)Global
Ocean Interaction Detection Results(b)Interaction detection results in far sea areagc)Interactive

detection results in near sea areas

3.1.2 Single factor detection

The correlation betweea ur f ace pCO and var i o®)swadanalyted Bhe resultsg f act
indicatethat at different regional scales, there is a significant negative correlation bgv@@én phamedning

that the stronger the acidity of seawater, the highesther f a c; the spra@der the alkalinity, the lower the

sur f acatthe €a@®etimesur f ace pCO is significantl inhfapseasi ti vel

areas, the negative correlation betwge O and chlorophyl |l concentration a

coefficient is more significant, indicating that it has higher stability and balance in regplafir@in contrast, the
abovecorrelationin near sea areds weaker due to lanbased pollution, human activities, and environmental
changes, but the negative correlation betwe&hO a n d acsliy & stranges\When selecting variables, the
study included factors with ayalue greater than 0.1 or less th@rl in the screening range to ensure the validity
of the results and improveadel performance (Table 2)dditionally, SHAP methodwas usedto quantitatively
evaluate the contributions of various influencing factors w r f a c (6e, Patino, Todisco, & Evans, 2022a,
2022b) There were differences in the contributions of influencing factors at different s€akeph is the core
driving factor at all scalesbut its contribution intensity follows a distribution pattern fair"sea areas global
oceans >near sea aregslhe contribution of other factors shows significant regional heterogeneity, such as talk
being the second key factor at the gl obal ocean

significantly increased, making ar a region spedditor.

Table 2 Selection results of influencing factors at differenarea scales

Researc

I nfluence factor

Gl obal

Far

Near

p Bhoac lalk d 439d0casu wianpded | @rz caano nashay eatraalclkas @ aa
tdt het ao
phclalk d43a%¢h d cdd G wianpdeé z caano nashaas adlskbcaady ea
tdt het ao
phoap@l attasnerc ldlk d4a9nd o & s tadl @anmo natcha ad s @s
sat adtkdt het ao

10

scal



Global Ocean Far sea Near sea

ph L ph L ph I
o2 | chl ] 0z I
chl | kd490 | pos I
kd490 I 02 I lat L
dos — dos - dos -
uwind | ] lon [ ] no: | ]
pos - uwind - chl -
lon | ] po4 ||| kd490 [ ]
lat uo uwind
no: miotst* ugos
uo no: vgos
ugos lat si
miotst* ugos zos
vwind tco: uo
miotst miotst vwind
tco: vwind vo
si si year
vgos vgos miotst
vo vo miotst* (| |
zos ([ | zos [ | tcoz [ ]
month [ ] month [ | lon [ |
sos [ | sos | | month [ |
year [ | talk [ | ca I
talk - so - ar I
ca - ca | sos [
so | ar | so |
ar - year I talk I
to I to I to I
thetao | | thetao | | thetao | |
1 0.5 0 0.5 1 1 0.5 0 0.5 1 1 0.5 0 0.5 1
PN ~ A~ ~ PN ~
a b C

Figure 3. Single factor detection results at different researclarea scales (a)Global ocean singleactor
detection results (b)Far sea single factor detection resultgc)Near sea single factor detection results

3.2 Modelconstruction anavaluation

3.2.1 Construction anelaluation ofglobal oceansurface pCQmodel

220 Based on the correlation analysis results of the above factors, this study selected key driving factors to construct

and evaluate a gl obal sea surface pCO reconstructi ol
selected some data from all tfiging results to show the observation performanbéferent 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 true values, especially in the

225 |l ow value (<300 e€atm) and high val ue (Tébke3)dle deviatbrm) 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 LSW 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

230 fitting ability significantly decreases. Tltemprehensive performance of XGBoost and LSBoost has significantly
i mproved, with MAE reduced to 15 egatm~18 ¢gat m, RMSE |
The effective explanation of multivariate nonlinear relationships and the applichtitodel ensemble strategies
have improvedthaccur acy of the two model s withi nthetettremenor mal
values processing still needs to be improvEde performance of RF is the best among all models, with MAE

235 reduced to below 4 gatm, RMSE reduced to around 6 ¢é
accurate fitting in the range of 300 aleeadnges. FhHeQ@ood at m v
adaptability of RF to higldimensional data and a large number of samples makes it perform well in fitting tasks in
complex marine 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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Validation results
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100

550

PCO, (patm)

LSBoo 15.626 O0.04 664. 18 25. 772 0. 78
XGBoo: 17.262 O0.05 908. 87" 30.148 0. 7¢C
GAM 19. 903 0.05 1398. 6¢ 37.399 0. 514
LSTM 18. 664 O0.05 1430. 07 37.816 0. 53
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ML R 19. 952 0. 05 1615. 1°¢ 40.189 0. 47
° RF 3.902 0.01 46.0909 6.790 0.98
; LSBoo 15.604 0.04 661. 20 25. 714 0. 78
oS XGBoo: 17.255 0.05 910. 38 30.173 0. 7C
— GAM 19. 905 0.05 1429. 37 37.807 0. 514
; LSTM 18. 675 0. 05 1463. 37 38. 254 0. 572
> GRU 19. 059 0.05 1515. 2¢ 38.927 0.51
CNN 19. 901 O0.05 1520. 8¢ 38.999 0.51
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o RF 3.697 0.01 37.485 6.123 0. 98
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Figure 4. Model performance atthe gobal ocean

3.2.2 Construction anglvaluation okurface pC@model n far seaareas
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and R3s around 0.64. The performancetbé two models has improved compared to extreme value ranges, thanks

to the ability of LSTM to process time series data and capture the dynamic characterwsticg of a caver p C O

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

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

t he
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increased to around 0.8. Theodel performance of RF in far sea areas is also optimal, relying on strong
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generalization ability and feature selection mechanisms to effectively address the variabilityifantarine

environments

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

Mo del MAEAt m MAPE MSE&t]m RMSEa/t m R
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 XGBo o« 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 0.04 647. 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. 14: 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. 86t 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 anglvaluation okurface pC@model innear seareas
Due to various complex factors, the spatiotemporal distributiecnwfr f ace p CO in the near s

variability, resulting in a decrease in the performance ofdistructed 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 t

he three

model s ,anel Rislbelow0.50 v e r 34c¢ a

LSTM constructs a nonlinear additive model through its gating mechanism and GAM, which improves the fitting

ability to a certain
56 e&d8tma3d m, and the

extent.

The

R|] remains i

n

M Athie RBISE istintttee range dfe | i s
the range of O0.55~(

numerical range. XGBoost and LSBoost improved the accuracy of fitting extreme values by constructing multiple

weak learners to combine the fitting resultseTh M A E
3 Bcreased tanthedréhgeofeD17570.85.aRfF dondirdcted R |
multiple decision trees and integrated the fitting results to adapt to the variabilityréatalita of the near sea

RMSE remained around

environment, demonst

rati

of

ng

bot h

robust

R¥emained above 0.95, significantly outperforming other models
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Table 5. Performance parameters of different models in thenear seaareas

Mo d e | MAEAt m  MAPE MS Ea t|m RMSEa't m Ra
o RF 5.396 0.01¢ 98.332 9.916 0.97
S LsBoo 23.67: 0.071 1267.8 35.607 0.83
S XGBoo 27.29¢ 0.08: 1783.4 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 34.02z 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: 3033.2 55.075 0.509
© LSTM 32.68€ 0.10(C 3259.0 57.088 0.56
> GRU 33.987 0.10: 3727.1 61.050 0.50
CNN 36.23¢ 0.11C 3955.7 62.895 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 0.509
2 LSTM 32.911 0.10C 3394.3 58.261 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 36.40E 0.10¢ 4594.5 67.783 0.40

270
3.3 Independent validation of the model

Thesurface pCO me wWeeeindependently validatedlt 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 environnmiengsscatter 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 deviate signifideaith 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 scatter distribution,
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.
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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)
LSBoost (h)RF)

285 Infar seaareaqFigure6), 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 fluctuations of
s ur f ac. &hepoat@r distribution ellipse of the LSBoasbdel significantly shrinks, and the divergence
situation converges at extreme values, improving the fitting accuracy. The scatter distribution of the RF model is a
flat ellipse, with the minimum difference between the fitted value and the true vabkaivefy reducing extreme

290 errors.
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Figure 6. Independent verification performance of the models in the far seareas, 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 modelsnigarsea areas, each model showed different performances (Figure

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 areas, wbih 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 elliptical shapbich 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 extreme errogsarstructsurface

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, (e) GAM, (f) XGBoost
(g) LSBoost (h)RF)

3.4 Reconstruction cfurface pC@

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 missing values in a certain grid in thesoulite data, the correspondsgface

pCO s

al ue

at

t hat |

ocation wil/l be output as a

bl ank

bawd on the original data. The blank values are mainly due to the systematic exclusion of land pixels and the
limitations of data acquisition in high latitude sea areas: the former is excluded because it does not participate in
ocean processes, while thedatis due to the lack of satellite data for key parameters caused by sea ice coverage or
insufficient light, resulting in the inability to reconstruct the values in the rediba.final generation of the
di st r i ®A0Y abO25%0.255is bhsed on thehoeigingl dadar 2 0 O

sur fac

The reconstruction results &f u r f a ¢ at the @l@bal ocean scale are consistent with the distribution

e pCO

characteristics of LDEO actual observation data, confirming that the RF model can effectively capture the spatial

di stri

buti

on

pattern

of

gl obal aeswta(Riguss) it viaafouead thatC O

Th

the spatial distribution of u r f a ceshibjis@ Clear latitude dependence, with a distribution pattern of "high at
the equator and low at the poles". The independent observation data based atethe&asocompared with the
reconstruction results obtained at the closest collectionfime gl ob al ocean
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 reconstructed results and the actual observed data is small, and can
accurately reflect the average distribution characteristisswofr f ace p CO
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Figure 9. Comparison ofsurfaceoc e a n  jrdd@@ts 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 nuatedrn( T h i Tuyet Trang Chau,
330 Gehlen, 2024; Thi Tuyet Trang Chau, Gehlen, & Chevallier, 2022; Zhong et al.,. Zi#®ugh different
studies have used different data sources, models, or methods, similar conclusions can be drawn when describing
the overall di stribution ¢ harréactwhich te foinecextenpverifigs QO on
reliability and accuracy of the reconstructed results. This study usesdsiglution data and RF models to make
the reconstruction results more detailed, especially in the high latitude marginal sea area®dhthed\South
335 Poles.

The reconstruction results of the far sea regloomedthat thes u r f a cirthepequétorial low latitude region

was higher, while thes 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 setharegdy

comparing independent observation data based on flight routes with the reconstructed results of the two models.
340 The results showed that the MAE of the-$§@a model was 9.060 a { the MAPE was 0.027, the MSE was

269.511¢ a fthe RMSE was16.417¢ a t amd R3vas 0.826; the MAE of the global model was 9.%24 { tine

MAPE was 0.027, the MSE was 275.532 #the RMSE was 16.60E a t amd Rivas 0.822The reconstruction

accuracy of the far sea area model has slightly improved compared to the global ocean model in the far sea area
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(Figure 11), indicating that the optimization of the far sea area model in local areas has improved the

345  reconstruction accucg. However, the global ocean model can still provide accerate f a cfitingpn@®far
sea area by adapting to the overall ocean environment.
To verify the accuracy of the time series reconstruction of the model, a comparatiwsana/conducted on the
temporal changes between the observation data of the Hawaii Ocean 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
350 were consistent with the actual measurement data of the Hawaii observation station. Research has shown that the
model performs well in fitting the dynamic changes of time series and can alycrefiéet the temporal evolution
ofsur face pCO
Far sea
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300
Figure 10. Surface oceanp C O product sareasn t he f ar sea
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Figure 11. Comparison of reconstruction accuracy inthe far seaareasusing different scale model&right
axis: Normalized probability density of model residuals.
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Figure 12. Independent verification based on timeseries observation stations

The reconstruction results sfu r f a cirthem&asea area showed (FiglBgthat thes u r f a cvaluepi€ O

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 titddgholzeans is lower,

causing changes in ocean circulation and mixing processes, and the overall srand of a ciedeque@sing. A
comparison was made between the fitting accuracy of the near sea area model and the global oceathenodel

near sea regioif.he results showed that the MAE of the nrglaore model was 20.145a t timee MAPE was 0.065,

the MSE was 983.726 a the RMSE was 31.364 a { amd Ravas 0.797; the MAE of the global model was
20.324¢ a ttine MAPE was 0.065, hMSE was 999.149 a gthra RMSE was 31.602 a { amd R3vas 0.794.

The reconstruction effect of the near sea area model has been improved compared 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
the region.
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3.5 Spatiotemporalnalysis okurface pC®@

At the global oceanic scale (Figudd), the equatorial region experiences strong solar radiation and high
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coverage and strong wind fields in polar waters promote gas exchange between the atmosphere and the ocean,
concestrfaa cimtmpAtt@ctic regiGras
generally higher than that in 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 impact on the distributisniof f a ¢ Pue  @©wider coverage of sea ice,
the Arctic regon is less affected by the North Atlantic warm current, ansl iisr f a coencent@fn is lower
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by year, which is relateth global warming. The rising sea temperature in mid latitude waters leads to a decrease in
CO; solubility and promotes an increasesiru r f a ccencgnt@tion.

26

h



Global ocean-2000

Global ocean-2005

Global ocean-2010

27

500

450

400

pCOz(uatm)

350

300

500

450

400

pCOz(patm)

350

300

500

450

400

pCOz(patm)

350

300



Global ocean-2015

500

450

»

=3

o
pCOz(uatm)

300

Global ocean-2019

500

300
Figure 15. Annual spatiotemporal variations of surface oceanp C O iglobaltodean

In the far seareaqFigurel6), thes u r f a ciehigipeCittthe low latitude areas near the equator, particularly in

the eastern equatorial Pacific. Mainly due to the upwelling of seawater in the region, which brings cold water rich

in CO; from deep layers to the surface of the ocean, resultinginmrc r ease i n pCO concent
395  surface. In the mid to high latitudes of the far sea regiorg the f a cshowpald characteristic, which is due

to the ocean circulation pattern promoting the mixing of surface seawateegmdahwater, resulting in relatively

low s ur f a c eoncpn@afion. The low temperature and strong biological pumping effect enhance the

absorption of atmospheric GO@y the ocean, leading to a lavu r f a c ®ncgnt@®n. In terms of time, the

sur f acshowp &t&nd of increasing year by year, especially after 2015. This is closely related to global
400 climate change, changes in ocean circulation patterns, and the impact of human activities.
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Figure 16. Annual spatiotemporal variations of surface oceanp C O i n

sea

The bet ween s e aswartfea cvadupfdCe@tiveigbighp her e
In mid to high latitude oceans, let@mperature seawater, polar cold water sinking, and deep seawater upwelling
rel ati vel yThd reconstiuation cesultst sfifaa d e sl @elr sega@®a

(Figure17) show that the equatorial region has strong solar radiation, high temperature seawater, and the influence

exchange of CO

resul t i n

of tropical cyclones and trade windghe distribution characteristics efu r f a c are $gnificant along the

eastern coast of Asia in the mid latitude region of the Northern Hemisftere.u r f a cirthepy&lOw 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. 'hef a c ie thepbGr@er wadrs

between Southeast Asia, the Indian Peninsula, North America, and South America is relatively high. Due to the
influence of monsoon climate and tropical cyclones, high sea temperatures, as well as marine pollution caused by
human activities, have colléeely led to anincrease m u 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 n *eses and the ugward trend af r f a ci@mope Gronounced.
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4. Conclusion

This study is based on a muitale analysis framework of the global ocdansea areas, and near sea areas. Using
LDEO measured data combined with misitiurce data, multiple machine learning models were used to construct
and reconstruct the annual u r f a c edistripufidd of 0.25%0.25from 2000 to 2019, revealing its
420  spatiotemporal variation patterns and driving mechanisms. The research results indicate that the Random Forest
(RF) model exhibits optimal performance at different scales and can effectivelyrecdapé 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 Different oceans exhibit
different characteristics of changes due to the combined effects of natural factors and human activities. The acidity
425  and alkalinity of seawater are the main driving factors for changesiim f a ¢ and fheCoBtributions of other
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 moddsthe 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 addressing climate change.
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