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Abstract Quantifying the role of air-sea CO, exchange is essential for accurately estimating the global
carbon balance, which is dependent on the spatial and temporal resolution of ocean surface carbon dioxide
partial pressure (pCOy,,). When dealing with the global ocean as a vast and complex system, most existing
studies tend to partition the global ocean into small-scale regions. To account for interactions of environmental
variables across multiple regions, we used machine learning algorithms to holistically reconstruct a 20-year
global pCOy,,y map at a high resolution of 4 X 4 km based on products from the Moderate Resolution Imaging
Spectroradiometer, reanalysis data, and Surface Ocean CO, Atlas. Three machine learning methods were
compared, with multigrained cascade forest (gcForest) demonstrating the highest accuracy in global
reconstruction (r* of 0.92, root mean square error of 13.46, and mean absolute error of 7.34 patm). The global
PCOyy has shown a steady increase at an average annual growth rate of 1.95 + 0.05 patm yr~!, controlled
mainly by sea surface temperature and chlorophyll concentration. This study covers an ocean area of
approximately 335 X 10° km?, encompassing over 95% of the annual average carbon sink area. During 20 years,
the daily CO, flux decreased by 0.44 mmol m™> d™", while the proportion of carbon sink area remained
constant, indicating ocean's carbon uptake capacity per unit area has been increasing.

Plain Language Summary We utilized machine learning algorithms to holistically reconstruct
PCOyy,y data on a global scale, using key environmental variables including absorption due to gelbstoff and
detritus at 443 (Adg), chlorophyll-a concentration (Chl-a), sea surface temperature (SST), mixed layer depth,
and remote sensing reflectance (R,,) . The multigrained cascade forest (gcForest) reconstruction method
demonstrated high accuracy and applicability, improving the spatiotemporal resolution of the pCO,,) data set.
This data product effectively captured the spatial variability, asymmetric bimodal seasonal characteristics, and
the 20-year growth trend of pCO,,,. Furthermore, the global air-sea CO, flux was estimated using the
reconstructed pCO,,,) data set, with additional analyses performed on the monthly maxima of global CO,
source and sink flux.

1. Introduction

The oceans, as the largest and most persistent carbon sink, play an irreplaceable and prominent role in the global
carbon budget by absorbing approximately a quarter of the anthropogenic atmospheric CO, (Friedlingstein
et al., 2022), which helps mitigate global warming. The annual mean oceanic CO, uptake was estimated at
—2.7 £ 0.3Pg Cyr~' during the period 1990 through 2019 (Gruber et al., 2023), increasing to
—2.9 + 0.4 Pg C yr~! in 2021 (Friedlingstein et al., 2022). The absorption of atmospheric CO, leads to changes
in ocean chemistry that may profoundly affect marine ecosystems and contribute to extreme weather events
(Caldeira & Wickett, 2005; Fangohr et al., 2008). Besides, the role of the oceans in the climate-carbon feedback
has become increasingly important over time and may outweigh the impact of terrestrial sources (Randerson
et al., 2015).

Air-sea CO, flux is a key metric for quantifying the exchange of carbon dioxide between the oceans and the
atmosphere. The difference between atmospheric CO, partial pressure (pCOy,y)) and ocean surface CO, partial
pressure pCO, ) controls the air-sea CO, gas exchange and consequently regulates the air-sea CO, flux (Arrigo
& Van Dijken, 2007; Fennel et al., 2008; Takahashi et al., 2014). Positive and negative pCOZ(SW) values determine
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the direction of CO, transfer between the atmosphere and seawater. Positive values indicate that seawater is
oversaturated with CO, relative to the atmosphere, resulting in a net release of CO, to the atmosphere, and vice
versa (Rippeth et al., 2014). Direct and indirect pCO, ) observations have traditionally been obtained through
ships, moorings, drifters, and autonomous surface platforms. However, the sparsity of observations, particularly
in the Southern Hemisphere, has resulted in significant spatial and temporal uncertainties, as well as discrepancies
in the estimation of air-sea CO, flux (Ishii et al., 2014; Mackay & Watson, 2021).

Existing studies have shown that pCO,,, is influenced by the biological processes, the interplay of oceanic
vertical mixing, the equilibrium dynamics between the atmosphere and ocean, and thermodynamic processes (Bai
et al., 2015; Sharp et al., 2022). These factors can be captured by chlorophyll (Chl-a), mixed layer depth (MLD),
absorption due to gelbstoff and detritus (Adg), and sea surface temperature (SST), respectively (Tu et al., 2021).
The rapid advancement of satellite remote sensing technology provides multitimescale global satellite data on
environmental variables, bringing a new direction to address the sparsity of pCOy,, observations (S. L. Chen
et al., 2019; Marrec et al., 2015). Remote sensing reflectance (R,;(4)), defined as the ratio of water-leaving
radiance below the surface of water to downwelling irradiance above the surface, is utilized to characterize the
spectral properties of the upper water layers (Mobley, 1999). Bio-optical algorithms are then applied to the R,(1)
to generate robust estimates of colored dissolved organic matter (CDOM), suspended sediment (SS), and Chl-a at
a global scale (Clark, 1981; McClain et al., 2006; Pabi & Arrigo, 2006). Thus, R,,(4) in various spectral bands,
characterized as apparent optical properties and observed directly by remote sensors, can serve as environmental
variables for reconstructing pCO,(yy)-

Traditional empirical regressions and machine learning algorithms have been employed to simulate and predict
PCOyy based on satellite-observed oceanic environmental variables. Within the developed machine learning
models, the root mean square error (RMSE) of satellite-estimated pCO, ) have decreased from ~20 to ~10 patm
by incorporating Chl-a with other physical variables such as SST, MLD, and sea surface salinity (SSS) (Friedrich
& Oschlies, 2009; Landschutzer et al., 2013; Lefevre et al., 2005; Song et al., 2023). After lots of studies con-
ducted on various small-scale marine areas with good degrees of fitting, researchers gradually paid attention to
global pCOy,,). Landschiitzer et al. (2014) utilized a feed-forward network method to establish a nonlinear
relationship between pCO,,, and environmental variables in oceanic biogeochemical provinces partitioned by a
self-organizing map. The oceans are commonly divided into biogeochemical subregions for a separate study, with
models trained within these individual subregions (Laruelle et al., 2017). This is because pCO, is generally
controlled by one or two physicochemical processes in different oceanic regions (Bai et al., 2015; Yu et al., 2023).
This partitioned reconstruction method is widely used to generate global pCOy,, products with RMSEs of
20.48 patm (Chau et al., 2022) and 17.99 patm (Zhong et al., 2022). However, the nongeneralizability of regional
models often leads to inaccuracies when applied outside their training regions. While the prediction error of this
method is low, the accuracy is strongly dependent on the delineation of biogeochemical subregions (Zhong
etal., 2022). Furthermore, thermohaline circulation interactions are often neglected when reconstructing pCOy,,)
in subregions. Wu et al. (2024) recently introduced a global holistic reconstruction approach based on optimized
random forest and estimated the ORF-pCO, of 0.25° X 0.25° with an RMSE of 15.34 patm, demon-
strating interannual variations in pCOy,, over the past 10 years.

This study advances existing research by generating a high-resolution pCO,,, product spanning the past two
decades, with a focus on interdecadal variability. The aim is to apply a machine learning model to accurately
reconstruct global pCOy,, holistically while accounting for the interactions of environmental variables across
multiple regions. Absorption due to gelbstoff and detritus (Adg), chlorophyll (Chl-a), MLD, temperature (SST),
and R, were selected as input variables to reconstruct the global pCO,,, product using a machine learning
model. A comparative analysis with other machine learning models, including eXtreme Gradient Boosting
(XGBoost) and random forest, demonstrated that the multigrained cascade forest (gcForest) model achieved the
highest accuracy in reconstructing global data. Subsequently, a 20-year monthly gridded data set of pCO,,, and
air-sea CO, flux with a spatial resolution of 4 X 4 km was established. Finally, the spatiotemporal patterns and
driving factors of pCO,(, and air-sea CO, flux calculated by pCO,, were analyzed.
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Figure 1. Visualization of cruise tracks and bar charts for observation statistics: (a) Scatter plots of SOCAT observations. (b), (c), and (d) Bar charts presenting number
statistics for underway seawater pCO, observations categorized by year, month, and subregion.

2. Materials
2.1. Underway Observation Data of SOCAT

This paper utilized underway pCO,,, observation data from the Surface Ocean CO, Atlas (SOCAT) to construct
empirical relationship between pCO,,,y and environmental variables using machine learning-based models. The
SOCAT version 2023 used in the study was released on 20 June 2023 (Bakker et al., 2023). Seawater pCO, data
were collected by the international marine carbon research community along the cruise tracks shown in Figure 1a.
The density of cruise tracks varies across different oceanic regions. More in situ observations were measured in
the Northern Hemisphere than in the Southern Hemisphere. The data distribution of pCO,,, across years and
months is shown in Figures 1b and 1c. With updated versions of the SOCAT data set, the amount of underway
observation data has gradually increased, nearly doubling by 2022. This surge in data indicates that monthly in
situ observations are now more abundant. Additionally, in situ measurements with an accuracy below 10 patm
were excluded to guarantee data reliability.

2.2. Environmental Variables

The study considered five environmental variables: absorption due to gelbstoff and detritus at 443 (Adg) to
represent dissolved organic matter effects, chlorophyll-a concentration (Chl-a) for biological absorption effects
on pCO,(y), SST for thermodynamic effects, MLD for physical vertical mixing effects (Tu et al., 2021), and
remote sensing reflectance R,(1) to capture optical information observable in visible light. The Moderate
Resolution Imaging Spectroradiometer (MODIS) provides R,(4) level 3 products spanning 10 bands within the
visible wavelength range (412 ~ 678 nm). The spectral bands of R,;(1) were selected based on two criteria: (a)
their relevance to estimating three water constituents (Chl-a, CDOM, and SS) and (b) their coverage from the blue
to red bands provided by MODIS. These criteria ensured that the selected bands could serve as environmental
variables for reconstructing pCO,,). Specifically, the R,,(1) at blue wavelengths (443 and 488 nm) and green
wavelengths (555 nm) are strongly correlated with ocean surface Chl-a (Hu et al., 2012; O'Reilly & Wer-
dell, 2019; Reynolds et al., 2001). Additionally, R,, peaks in the 448—555 nm bands correspond to different SSS
ranges, and R,;(667) from MODIS has been used as a surrogate for sediment concentration in the water column,
both affecting SSS-CDOM retrievals (S. L. Chen & Hu, 2017). Moreover, R,;(488) and R,(678) are sensitive
and important to both Chl-a and SSS estimation compared to other MODIS bands (He et al., 2020; Wang &

ZHONG ET AL.

3 0of 18

85U8017 SUOWWOD @AIEaID 3(dedl|dde auy Ag peusenoh ae ssjoiie O ‘8sN JO s3I 10} Ariq1T8Ul|UO /8|1 UO (SUOPUOD-PUR-SLIBY/LIOD"A8 | 1M ARe.q 1 [Bu 1 [UO//SdNL) SUORIPUOD Pue SWLB | 8L 38S *[5202/20/90] Uo AkiqiTauliuo AB1IM ‘NSNISINDA!E [fwod Ad €8T2Z000202/620T OT/I0p/L0d A8 | im Ariqijeul|uo'sgndnBe;/sdny wouy pepeojumoq ‘Z ‘SZ0Z ‘16266912



NI

ADVANCING EARTH
AND SPACE SCIENCES

Journal of Geophysical Research: Oceans 10.1029/2024JC021483

Deng, 2018). Five visible spectral bands matching these criteria, including R,(443), R,,(488), R,(555),
R,,(667), and R,;(678), were selected.

The monthly data set for Adg, Chl-a, SST, and R,(4) from January 2003 to December 2022 were derived from
the MODIS level 3 products at a spatial resolution of 4 km (NASA Ocean Color). The 8-day MLD data set,
derived from the Hybrid Coordinate Ocean Model (HYCOM), was provided by Ocean Productivity at a spatial
resolution of 0.125° (Ocean Productivity: Input HYCOM MLD data oregonstate.edu).

2.3. Matching Up and Classification of Data Sets

To reduce noise of global environmental variables, median filtering with a 3 X 3-pixel box was applied prior to
data set matching. To achieve a consistent spatial resolution, MLD data were bilinearly interpolated to match the
spatial resolution of 4 km. Regarding temporal resolution, the 8-day MLD was accumulated in monthly scale and
averaged when multiple MLD values occurred within the same grid. SOCAT underway observations were
averaged within the same month and 4-km grid to construct matchup pairs with environmental variables. Ulti-
mately, 1,876,199 valid matchup pairs of observed pCO,,, and satellite observations from 2003 to 2022 were
available for model reconstruction. To standardize the magnitudes of environmental variables, MLD was log,-
transformed before predicting using the machine learning—based model. Due to the limitation of MODIS satellite
data, only summer data (from May to September) for the ARC (Arctic Ocean) and winter data (from December to
February) for the ANT (Antarctic) were included in the analysis.

After matching the data, a total of 1,876,199 matchup pairs were randomly divided into three groups: training
group (75%), validation group (15%), and test group (10%). Before running the models, a fixed test group was
extracted to evaluate the performance of XGBoost, random forest, and gcForest. To avoid the contingency effects
from a single division of training and validation groups, each model's performance was assessed using 10-fold
cross-validation.

3. Methods and Calculations
3.1. Machine learning Models

The multigrained cascade forest (gcForest) is a novel method that builds a decision tree ensemble inspired by the
convolutional deep neural networks (CNN) (Zhou & Feng, 2017). Random forest excels at handling complex
interactions among classification features and is robust against noise and incomplete data. Deep neural networks
operate through layer-by-layer processing for feature generation, processing, and transmission. gcForest adopts a
cascade structure similar to CNN, where each layer receives feature vectors from the previous layer using a
decision tree ensemble and forwards the results to the next layer. To enhance model's generalization, gcForest
employs two types of random forest—completely random tree forest and standard random forest—within the
decision tree forest ensemble of its cascade structure. After extending a new level, the performance of the entire
cascade is estimated on the validation group, and the iterative process of training is terminated if there is no
significant performance gain. Therefore, the model automatically determines the number of cascade levels based
on validation group accuracy. In summary, gcForest combines the advantages of CNN and random forest to
optimize model complexity performance based on its cascade structure. Figure 2 outlines the process of training
the empirical model with pCO,,,) underway observations and satellite data using gcForest.

Extreme Gradient Boosting (XGBoost), a gradient-boosting decision tree algorithm, has been widely applied in
the prediction of geological variables (Chen & Guestrin, 2016; Yu et al., 2023). A shared characteristic among
XGBoost, random forest, and gcForest is that the number of trees directly influences their fitting accuracy.
However, XGBoost adopts the “boosting” method, sampling data sets according to the error rate, whereas random
forest adopts the “bagging” method, assigning equal weights to all training data. In this study, XGBoost, random
forest, and gcForest were employed to reconstruct global seawater pCO,,,, and compare their model perfor-
mances. All models were trained with identical input parameters and data sets, ensuring consistency across the
training, validation, and testing groups.
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Figure 2. Flowchart of the data processing procedure in this study. Each level of the cascade forest consists of two standard random forests (shown in black) and two
completely random tree forests (shown in blue).

3.2. Flux Calculation

The air-sea CO, fluxes across the air-water interface (FCO,) were computed using the following equation
(Frankignoulle, 1988):

FCO, =k, X Ky X ApCO, =k, X Ky X (pCOZ(SW) - pCOz(mm)) 1)

where k,, (cm h™") refers to the gas transfer velocity, K, (mol L! atm‘l) refers to the CO, solubility constant,
and ApCO, refers to the difference between pCO,,,) and pCO,,yy (Takahashi et al., 2009). k,, was calculated
based on a quadratic dependence on wind speed from ERAS5 reanalysis (Copernicus Interactive Climate Atlas)
and SST from MODIS (Wanninkhof, 2014). K, was determined using SSS estimates from the NASA Estimating
the Circulation and Climate of the Ocean project (APDRC Datadoc | ECCO2 Cube92 model output (hawaii.edu))
and SST (Weiss, 1974). After obtaining ky,, Ko, and pCOyyy, pCOyyyyy Was calculated using (Dickson
et al., 2007):

PCOsym) = XCO, (Poaro — Pyw) )]

where XCO, (Global Monitoring Laboratory-Carbon Cycle Green house Gases (noaa.gov)) refers to atmospheric
CO, mole fraction, Py, refers to sea level pressure, which comes from ERAS reanalysis, and Py, refers to water
vapor pressure (Takahashi et al., 1993). Negative values of F indicate CO, transfer from the atmosphere to
seawater, signifying that the region acts as a CO, sink.

3.3. Performance Evaluation

The criteria for evaluating the model's performance and reliability include the coefficient of determination (r%;
Equation 3), root mean square error (RMSE; Equation 4), mean absolute error (MAE; Equation 5), and mean
bias (MB; Equation 6). Each criterion is used to assess an efficiency index from the observed and predicted
values.
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Table 1
Model Performance and Uncertainty of pCOys,, in Global and 7 Regions
Region Latitude Longitude r RMSE (patm) MAE (patm) opCOz(m (patm)
Global All All 0.92 13.46 7.34 8.08
Tropical ocean (TRO) 30°S — 30° N All 0.90 10.40 6.11 6.25
Arctic Ocean (ARC) 60° N — 90° N All 0.92 19.39 10.4 11.48
Antarctic (ANT) 90° S — 60° S All 0.93 13.45 7.38 8.14
North Pacific (NPA) 30° N — 50° N 180° W — 120° W,140° E — 180° E 0.89 12.94 7.26 7.71
Equatorial Pacific (EPA) 10° S — 10° N 180° W — 80° W 0.87 19.94 11.74 11.69
North Indian Ocean (NIO) 0°N — 25° N 50° E — 110° E 0.53 16.51 11.40 10.22
Mediterranean Sea (MES) 30°N — 45° N 0°E —30° E 0.96 8.59 5.30 5.83

Cav(pcoh)bx’pCOZpred)

2= (3)
\/Var[pCOZOhS] Var[pCOMred]

RM. LS ’

SE = N Z (pCOZ()hs,i - pCOZpredTi) (4)
i=l
| Q—
MAE = ;Zi:l | pCOZobs,i - pCOZpred,i| (5)
l<n

MB = ;Zizl (PCO2ps; = PCOpres) (6)

where pCO,,,,, and pCO,,,,, refer to the in situ values and the corresponding predicted values produced by

eisn
1

gcForest for each “i”” observation, respectively. Cov is the covariance, and Var is the variance.

The MB provides a measure of the direction of the discrepancy: positive bias values indicate overestimation,
while negative bias values indicate underestimation. It is important to note that a bias value close to zero does not
indicate the absence of systematic bias, as a significant positive offset at one point in space or time may cancel out
a significant negative shift elsewhere (Gloege et al., 2022).

3.4. Uncertainty Calculation

2

' bs)» TApping uncertainty (6% ), and

The uncertainty in pCOy, is a composite of observation uncertainty (6 hap

griding uncertainty (Hzn-d):
—. /g 2 2
HPCOZ(,\W) - gnbx + emap + egrid (7)

The process for calculating these three components was detailed in Landschiitzer et al. (2018) and Sharp
et al. (2022). Briefly, 9(27,]3 was evaluated as the weighted average of observations assigned to each quality control
flag in SOCAT. H,ZMP was evaluated using the RMSE for the test group, while erid was evaluated as the un-
weighted standard deviation within each grid cell containing two or more observations. To better assess the global
distribution and errors of pCO,,, and FCO,, the ocean was divided into seven representative oceans with
reference to existing studies (Jang et al., 2022; Olmedo et al., 2020, 2021), as shown in Table 1. In addition,
although the Mediterranean Sea (MES) serves as an important carbon sink connected to the Atlantic Ocean,
observations in this region are limited in existing studies (D'Ortenzio et al., 2008).
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4. Results
4.1. Model Calibration and Validation

The gcForest model was trained using Adg, Chl-a, SST, MLD, R, (488), and R, (555) to reconstruct pCOyy,
holistically, generating a 20-year global pCO,,, time series data set.

4.1.1. Overall Model Performances

After selection of model, the matchup database, with a volume of 1,876,199 records, was separated into a training
group (80%) and a validation group (20%). The seven selected environmental variables were used to train the
gcForest model, and the accuracy for both the training and verification groups is displayed in Figure 8. Overall,
the gcForest model achieved a test RMSE of approximately 13.46 patm and an MAE of 7.34 patm. Moreover, MB
is clearly related to pCOy,,, indicating overestimation below 200 patm and underestimation above 500 patm.
However, MB shows no direct relationship with the year or the number of matchup pairs (Table S1 in Supporting
Information S1). Therefore, when discussing the temporal pattern of pCOy,,, it can be considered that the
temporal changes do not appear to introduce the deviation of systematic error of pCO,,,. These results confirm
that the gcForest is capable of establishing 20-year monthly averaged gridded products at a spatial resolution of
4 X 4 km.

4.1.2. Uncertainty Analysis

The 9pc02(m) was evaluated separately for each of the eight regions listed in Table 1. The global pCO,,,) data set
has an uncertainty of 8.08 patm, with higher than average uncertainties in the MES, tropical ocean (TRO), and
North Pacific (NPA) regions. Field measurement for the North Indian Ocean (NIO) are lacking in the SOCAT,
resulting in an unsatisfactory predictive capacity (> = 0.53, O,co, - = 10.22 patm). Due to the spatial correlation
of pCOyy and the autocorrelation within the gcForest, regional or temporal averaged uncertainties do not scale

exactly with 6’,,(;02(5“) (Landschiitzer et al., 2014).

4.2. Spatiotemporal Pattern of pCO,,,, and Its Global Trends

The spatial pattern of the global pCO,,, distribution remained consistent each year. The spatial distribution of
the average pCOy,, from 2003 to 2022 is illustrated in Figure 4, and its monthly climatology variation is
depicted in Figure 5. This distribution pattern revealed a gradual decrease in pCOy,, values from the highest
levels in the TRO toward lower latitudes in both the Northern and Southern Hemispheres, with no significant
relationship observed with longitude (Figures 4b and 4¢). This spatial pattern aligned with findings from previous
studies (Landschutzer et al., 2016; Takahashi et al., 2009). In February, the highest pCOy,, values were observed
in the Eastern Equatorial Pacific (EPA) and NIO, while lower pCO,,,, were located in the MES and Antarctic
(ANT) regions. By May, these differences in pCO,, values between regions had significantly narrowed. In the
summer, the maximum occurred in the MES where pCO,,,, peaked at approximately 414.60 patm in July, while
the lowest values shifted to the Arctic Ocean (ARC). In September, a significant area of high pCO,,,) emerged on
the western side of the NIO, attributed to limited field measurements exceeding 400 patm during that period. As
the season progressed into winter, the distribution patterns in the ANT, a region with the lowest pCO,,,), became

more distinct.

The seasonal variations of pCOy,y across the globe and seven subregions over 20 years are illustrated in
Figures 5 and 6. pCO,,,y showed a bimodal distribution, similar to the observed pattern with CO,. Specifically,
PCOy,y increased during the spring, reaching a peak in March, followed by a decrease to a minimum around
June. Subsequently, it began to rise again from summer through fall, continuing until around November. Beyond
seasonal variations, a notable interannual trend was identified during the study period. Between 2003 and 2022,
global pCOy,, increased from 355.24 to 387.91 patm (Figure 6), with an average growth rate of
1.95 + 0.05 patm yr~'. This rate was determined through regression analysis with seasonal adjustment (Takahashi
et al., 2009). In five subregions (excluding the polar regions), the growth rates were higher than the global
average. The MES exhibited the highest growth rate at 2.71 + 0.25 patm yr~', followed by the NIO at
2.38 + 0.06 patm yr—'. The TRO, NPA, and EPA showed slightly higher rates than the global average, at
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Figure 3. The performance of the gcForest method in estimating pCO,,,,y during (a) the model training phase and (b) the independent validation phase.

2.13 +£0.04,2.13 +0.11, and 2.10 + 0.10 patm yr~", respectively. Due to the limitation of MODIS satellite data,
only summer data (from May to September) for the ARC and winter data (from December to February) for the
ANT were analyzed, potentially affecting the representativeness of these regions. Consequently, the mean growth
rates for ARC and ANT were calculated as 1.05 + 0.20 and 1.33 + 0.12 patm yr~', respectively. Takahashi
et al., 2009 estimated the global ocean's mean growth rate from 1970 to 2007 as 1.69 + 0.51 patm yr~". In

(C) 300350400
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Figure 4. Spatial distribution of global pCOy,, from 2003 to 2022 (a). The longitudinal and latitudinal profiles” averaging
PCOxqy,y are shown on (b) and (¢). Statistics for pCO,,, in seven representative oceans, which are detailed in Table 1, are
shown in (d).
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Figure 5. Monthly climatology pCO,,, from gcForest over the period from 2003 to 2022.
comparison to 30 years ago, the pCOy,,) growth rate over the past 20 years has increased by 15%, highlighting an
acceleration in recent decades. Notably, the pCOy, growth rate rose from 1.02 & 0.11 patm yr~! in the first
decade (2003-2012) to 2.48 + 0.13 patm yr~' in the second decade (2013-2022), exceeding the atmospheric
annual pCO, growth rate of 2.21 £ 0.02 patm yr~!. This indicated the intensifying impact of anthropogenic CO,
emissions on oceanic carbon dynamics.
In conclusion, the ARC and ANT regions consistently exhibited below-average pCO,,,, values across all
observational months. Conversely, the NIO, TRO, and EPA regions exhibited pCO,, values that fluctuated
420 ‘
410 growth rate of pCO,(sw) = 1.95 = 0.05 patm yr-1
400
£ 390
«
Z 380 :
S 370 1
2 [ anco,
360 —pCO,(sw)
> | | —— pCO,(atm)
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2003 2005 2007 2009 2011 2013 2015 2017 2019 2021

Time

Figure 6. Time series of global pCOyy. The blue lines represent the monthly averaged pCO,,, predicted with gcForest. The black lines represent calculated monthly
averaged pCO, ). And the red line indicates the mean growth rate estimated by linearly regressing with seasonal adjustment.
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Figure 7. Climatological monthly spatial distribution of global air-sea CO, flux from 2003 to 2022. Blue indicates areas acting as carbon sinks, red represents carbon
sources, and yellow represents areas where the average daily CO, flux is slightly below zero.

above the global average. Notably, the MES region uniquely exhibited several months where ApCO, signifi-
cantly exceeded zero, indicating its role as a CO, source from June to September.

4.3. Spatial Distribution of Air-Sea CO, Flux

Using the gcForest-derived pCOy,, products, we revisited the global carbon uptake and outgassing capacity by
calculating the air-sea CO, flux (FCO,). Figure 7 presents the monthly spatial distribution of global FCO, in
2022. The majority of the global area is blue and yellow in color, indicating that the oceans act as a major carbon
sink in the carbon cycle. As with pCO, g, the availability of FCO, data shifted from the Northern Hemisphere to
the Southern Hemisphere from spring to winter, due to the characteristics of MODIS data. Between 40°N and
40°S, oceanic CO, sources are primarily located near coastlines, with sporadic occurrences in the open ocean
throughout the year. In spring and summer, most of the ARC region acts as an oceanic carbon sink, except for the
NPA region near Asia, which is outgassing CO, in early March. In fall and winter, a banded CO, source region is
clearly observed in the ANT region near 60°S. Our results show that the MES region acts as a carbon source from
June to September and as a carbon sink from October to May. The spatial distribution of FCO, does not fully align
with that of pCOy,,, because factors such as wind speed and SSS also affect the magnitude of air-sea CO, flux.
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Table 2
The Performance of XGBoost, Random Forest, and gcForest in Training pCOy,,
Input Training group Test group
Parameter Model r RMSE  MAE r’ RMSE  MAE Model parameters
Adg, Chl-a, SST, and MLD, XGBoost 0.73 24.82 16.96 0.72 25.41 17.25 n_trees = 1,200,
R,(443), R,(488), R,(555), R;(667), R,(678). max_depth = 6,
learning_rate = 0.05
Random forest 0.96 8.42 5.06 0.81 19.45 12.44 n_trees = 100
gcForest 0.98 6.82 4.00 0.85 17.35 10.70 n_trees = 100,
optimal n_layer = 3
Adg, Chl-a, SST, and MLD, R,(488), R,,(555). XGBoost 0.72 25.63 17.28 0.70 26.11 17.57 n_trees = 1,200,
max_depth = 6,
learning_rate = 0.05
Random forest 0.98 6.01 3.26 0.89 15.49 8.60 n_trees = 100
gcForest 0.99 4.63 2.72 0.92 13.46 7.34 n_trees = 100,

optimal n_layer = 3

5. Discussion
5.1. ML Model and Input Parameter Selection

We tested the XGBoost, random forest, and gcForest models with the same model inputs of Adg, Chl-a, SST,
MLD, and R, including R,,(443) , R,,(488) ,R,,(555) , R,;(667), and R,,(678) based on the same training group,
validation group, and testing group. Error statistics, including R?, RMSE, and MAE, for estimating PCOyy
before input parameter selection are presented in Table 2. The gcForest model achieved the best performance with
a testing RMSE of 17.35 patm, an MAE of 10.70 patm, and an R? of 0.85 patm, followed by random forest. The
gcForest model, benefiting from its robust cascade structure, demonstrated high effectiveness in accurately
reconstructing global pCOy,,y (Zhou & Feng, 2017). And it was subsequently trained to predict pCO,,, after

input parameter selection.

Variable contribution reflects the extent to which environmental variables influence pCO,,. Figure 8a presents
a matrix of correlation coefficients, indicating that higher absolute values of the coefficient denote stronger the
correlation between variables. Adg, Chl-a, SST, and MLD were independent of each other, while there was a
strong correlation between R, (443) and R, (488), as well as among R, (§55), R, (667), and R, (678). Figure 8b
showed that SST contributes the most to pCOy,,) With 0.22, followed by Chl-a at 0.17 and MLD at 0.16. Among
the five R,4(4) variables, the green light band R, (555) had the highest contribution, at 0.09. In summary, SST is
one of the most crucial factors in determining pCO,,,), and the impact of the R, (555) is more significant than
other spectral bands. Considering both variable contributions and correlations, R,; (488) and R,, (555) were
selected to participate in the prediction of pCOy,,. The performance of gcForest was better than that of XGBoost
and random forest after excluding R, in three spectral bands (Table 2), and the results of gcForest was shown in
Figure 3. Figure 8c shows that the ranking of environmental variable contributions did not change after the se-
lection processes, with SST remaining the highest contributor.

5.2. Comparison With Other Climatological Products

This study presented a holistic approach to generate a monthly 4 X 4 km global pCO, ) distribution from 2003 to
2022 using the gcForest model. For comparison, we analyzed our gcForest product alongside three SOM-FFN
products: the Zhong-FFN product (1° X 1°) (Zhong et al., 2022), MPI-FFN product (1°x1°) (Jersild
et al., 2023; Landschiitzer et al., 2016), and MOB-product (0.25° X 0.25°) (Chau et al., 2022; Denvil-Sommer
et al., 2019). Additionally, the climatological gridded SOCAT observation product (1° X 1°) was included for
performance benchmarking. Because the Zhong-FFN product only includes data available before 2021, we
extracted data from the overlapping period (2003-2020) to ensure comparability among all products. To provide a
more detailed evaluation of data set differences, the climatological monthly pCO,,,, estimates from the four
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Figure 8. Correlation analysis of matchup pairs (a), and contributions of independent variables before (b) and after (c) input parameter selection.

reconstruction products were compared with gridded SOCAT observations in six representative regions (Table 1).
Sudden spikes in pCO, ) values observed in February and September in the EPA region (Figure 9j), as well as in
February in the MES region (Figure 9k), were attributed to measurement routes rather than seasonal variations.
Additionally, model performance between the monthly pCOy,, estimates and SOCAT underway observations
from 2003 to 2020 are presented in Figures S1-S6.

In terms of spatial variability, the gcForest product (Figure 9b) generally aligned more closely with the gridded
SOCAT observations (Figure 9a) than three SOM-FFN products (Figures 9c-9¢) in the Southern Ocean. In re-
gions with sufficient observations, such as TRO and NPA, all four reconstruction products aligned well with the
gridded SOCAT observations. However, in the ARC region, the gcForest product demonstrated better agreement
with the gridded SOCAT observations, while the SOM-FFN product showed a notable tendency to overestimate
PCOyy values in summer and underestimate them in winter (Figure 9g). In the ANT region, the monthly
variation of the gcForest product fluctuated around the gridded SOCAT, effectively capturing the seasonal
variation in the observed data. However, during the Southern Hemisphere summer (December to March), all
reconstruction products overestimated pCO,,), indicating persistent uncertainties in south of 60°S due to the
limited spatial and temporal coverage of in situ observations. However, the improvement of gcForest product was
not consistent across all regions. In the EPA region, the climatological gcForest product matched the gridded
SOCAT observations in some months but showed a slightly underestimation. A similar pattern was observed in
smaller oceanic regions like NPA and MES. In contrast, three SOM-FFN products tended to slightly over-
estimated pCOy, values in these smaller regions, particularly in the EPA. The scatterplots (Figures S1-S6 in
Supporting Information S1) illustrate that the higher resolution of the gcForest products allows for better capture
of temporal and spatial variations in pCO,, values observed in SOCAT data across various regions. However,
in regions with high pCO,,, values like TRO, EPA, and MES, the spatial distribution was influenced by sur-
rounding lower pCO,, values due to the holistic nature of global reconstruction, resulting in underestimation.
This limitation is inherent in the holistic reconstruction method. Conversely, zoning approaches that focus solely
on internal variations within small areas neglect interactions with surrounding regions, often resulting in over-
estimations in high-value areas (e.g., Figure 9j) and underestimation in low-value areas (e.g., Figure 9g). The
SOM-FFN products showed no consistent biases across regions when compared with the gridded SOCAT but
generally captured consistent seasonal variations across different oceanic regions. This was partially attributed to
differences in the zonal boundaries used for reconstruction, which inevitably impacted the regional pCOyq,,

estimates.

5.3. Drivers to the Variation of pCOy,,

Distinct regional differences in pCO,,) trends, driven by geographic and natural characteristics, were evident
(Takahashi et al., 2009). From Figure 8a, we infer that variations in ocean surface temperature and chlorophyll are
the two primary drivers of elevated pCO,q,, on a global scale, with MLD playing a crucial role in air-sea
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Figure 9. The climatological monthly pCO,,, distribution of gridded SOCAT observations, the gcForest product in this study, the Zhong-FFN product, the MPI-FFN
product, and the MOB-FEN product are depicted in panels (a), (b), (c), (d), and (e), respectively. The seasonal variations and model performances of the five data sets
across six representative regions are shown in panels (f)—(k).

interactions, ranking just behind SST and Chl-a in terms of impact. In the fall, global MLD values typically
reached their maximum, suggesting that upward mixing greatly affected the pCOygy.

In the MES, the pattern of pCO,, differed from other regions, as shown in Figure 10g; it increased during
summer and decreased in winter. As inferred form Figure 10, this unique behavior was primarily driven by
variations in SST and R,, (488), indicating that the thermodynamic effects and phytoplankton influence domi-
nated the changes in pCO,,, there. In both polar regions, pCOy, rose with increasing SST, as high summer
temperatures lead to sea ice melting, exposing pCO,,, primarily to thermodynamic effects. While pCOy,,
generally decreased with increasing Chl-a, the substantial increase in summertime primary production in polar
regions significantly contributed to the rise in pCOy,, (Tu et al., 2021). This effect is attributed to massive algal
blooms at high Chl-a concentrations, which release CO, as the organic matter from these blooms is decomposed
by bacteria (Sunda & Cai, 2012). The Chl-a trend observed in the polar region in Figure 10b was primarily due to
missing MODIS observational data, resulting in regional averages that do not accurately represent the actual
conditions. However, in the global ocean, especially in the EPA and MES, where Chl-a observations are suffi-
cient, Chl-a variations aligned with changes in pCO,,. The significant contribution of Chl-a to pCOjy, as
illustrated in Figure 8c, coupled with the negative correlation between Chl-a and pCOy,, depicted in Figures 10b

and 10g, confirms that increasing Chl-a results in decreased pCOyy).
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represents the change in the global oceans, and the rest of the conformity is detailed in the top right corner of (a).
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Figure 11. Annual changes in CO, flux (a) and CO, sink/source area (b). In panel (a), the maximum is shown in red at the top, the minimum in blue at the bottom, and the

average in black in the middle. In panel (b), the blue line represents the CO, sink area, and the red line represents the CO, source area.
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5.4. Global-Scale Long-Term Trends of CO, Source and Sink Flux

Quantifying air-sea CO, flux and analyzing the long-term changes in oceanic CO, uptake capacity are essential
for assessing and predicting the potential impacts of the ocean carbon cycle. Detailed interannual variations in air-
sea CO, fluxes are illustrated in Figure 11. In 2022, the average daily CO, flux was —1.35 mmol m2d’ a
decrease of approximately 0.44 mmol m~>d~" from 2003 (—0.91 mmol m ™2 d™"). The maximum CO, source and
sink fluxes reflect changes in the intensities of CO, sources and sinks (Zhang & Fischer, 2014). The maximum
daily CO, source flux varied from 8.94 to 9.90 mmol m™2 d™' during 2003-2022, averaging around
9.42 mmol m~2 d™" over this period. However, the intensity of the CO, source flux has remained relatively stable,
showing no significant increasing trend over the 20 years. Conversely, the maximum daily CO, sink flux
increased by 5.08 mmol m~>d ™", at an annual rate of 0.20 mmol m~>d~" yr~'. The maximum daily CO, sink flux
was almost twice that of the maximum daily CO, source flux. These results indicate that the ocean's carbon uptake
capacity exceeds its carbon emission capacity and has increased markedly during the study period.

Figure 11b showed no substantial trend in the CO, sink or source areas. The sink area varied from 320.68 x 10° to
32525 x 10° km?, with a deviation of 1.56 X 10° km® The source area ranged from 9.14 x 10° to
13.08 x 10° km?, with a deviation of 1.27 x 10° km?. Only minimal changes in area size were observed. In
conclusion, the increase in carbon absorbed by the oceans was driven by enhanced carbon uptake capacity, not by
an expansion of carbon sink areas.

6. Conclusions

This study primarily focuses on the distribution and variation of global ocean CO, flux over the last two decades
through a holistic research approach. Using satellite observation data and the gcForest algorithm, we reconstruct
global pCOy,, holistically to account for the interaction effects of environmental variables across regions. Five
environmental variables affecting pCO,,y were selected to train the machine learning models: Adg for the
dissolved organic matter effects, Chl-a for biological absorption effects, SST for thermodynamic effects, MLD
for physical vertical mixing effects, and remote sensing reflectance (R,,) to complement the optical information
observable. After comparing three machine learning models, gcForest demonstrated superior performance in
holistically reconstructing pCOy,). A 20-year global monthly pCOy, product with a spatial resolution of
4 x 4 km was reconstructed, yielding an RMSE of 13.46 patm. Finally, global air-sea CO, fluxes from 2003 to
2022 were calculated based on the pCO,,,y data product. The spatiotemporal distribution patterns and trends of
the reconstructed products are consistent with existing studies and products, confirming that the results of this
study are reliable while improving spatial resolution and accuracy.

From 2003 to 2022, pCOys,, increased from 355.24 to 387.91 patm, accompanied by a rise in CO, absorbed by
the ocean. Given the variability in geographic and physical characteristics, pCO,,,, within different marine
regions is influenced by one or more environmental factors. Feature importance analysis indicated that SST and
chlorophyll concentration were the primary drivers of global pCO, ) dynamics. Remarkably, the MES showed a
seasonal variation in pCOy,), increasing in summer and decreasing in winter, likely influenced by SST and R,
(488). A preliminary analysis of the relationship between CO, flux and CO, flux area was conducted. It was
concluded that CO, uptake was gradually increasing, while the regional area of global CO, uptake remained
stable.

Analyzing the relationship between regional pCO,,, and environmental variables underscores the need to un-
derstand the contributions of these variables to air-sea CO, flux. Compared to the zoning approach, the holistic
approach provides a comprehensive perspective that effectively eliminates extreme pCO,,,) values and generally
align more closely with the gridded SOCAT observations in the Southern Ocean where measurements are scarce.
However, we acknowledge the limitations of our study. In regions with relatively high pCO,,, values, the
surrounding lower pCOy,, values in the overall reconstruction may lead to underestimation. Additionally, the
PCOy) retrieval approach based on machine learning methods relies heavily on the accuracy and distribution of
underway observations as seen in existing studies. Given the sparse filed measurements in the NIO, significant
uncertainty and potential bias may arise due to mutual influences around this region. Nonetheless, our holistic
approach provides new insights into reconstructing global pCOy,. And we recommend using remote sensing

reflectance to improve the accuracy of quantifying regional or global ocean fluxes.
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