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Abstract. Particulate organic carbon (POC), particulate organic nitrogen (PON) and their ratios (POC:PON) are key to
understanding particulate organic matter (POM) and marine biogeochemical cycles. However, global observations remain
insufficient, with existing products suffering from spatial and temporal gaps, inconsistent methodologies, and interruptions
20 from clouds and satellite sampling limitations. Here, we present a global gap-free daily 4 km dataset of consistent POC, PON
and POC:PON from January 1998 to December 2023 (GGFD-POM), generated using a concise retrieval then reconstruction
workflow. POC and PON concentrations were retrieved from ocean color data (OC-CCI v6.0) and Copernicus reanalysis
physics data using newly developed Gaussian Process Regression (GPR) models. The models were trained on ~3110
matchups between in-situ observations, OC-CCI bio-optical properties, and Copernicus physical properties, achieving R* of
25 0.87 and 0.89, and RMSE of 1.47 mg m™ and 1.41 mg m™ for POC and PON, respectively. The Discrete Cosine Transform—
Penalized Least Squares (DCT-PLS) approach was subsequently applied to reconstruct missing values in the satellite-
retrieved POC and PON fields, resulting in gap-free global datasets. Based on these reconstructed products, a gap-free global
POC:PON dataset was further derived. Validation using an independent in-situ dataset confirmed high accuracy of both
satellite retrievals and reconstructions for POC, PON and POC:PON. Triple-collocation analysis (TCA) exhibited that the
30 GGFD POC data outperform existing MODIS-Aqua and MULTIOBS POC datasets, reflecting the distinct strengths of the
GGFD-POM product. Comparative analysis of spatiotemporal variations in POC, PON, and POC:PON further demonstrated

that the gap-free dataset better captures trends and magnitudes, enhancing understanding of their roles in the global carbon
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and nitrogen cycles. The complete GGFD POM product dataset (1998-2023) is openly available at
https://doi.org/10.11888/Ocean.tpdc.303488 (Zhang and Liu, 2026).

35 1 Introduction

The POC and PON are primarily produced by phytoplankton through photosynthesis, with additional contributions from the
degradation of organic matter by microorganisms and other biological and physical processes (Aumont et al., 2017;
Falkowski et al., 1998; Kharbush et al., 2020). They are key contributors to marine biogeochemical processes and carbon
cycling in the ocean, thereby influencing the climate system. As these particles, sink out of the surface ocean, they transport

40 carbon and nutrients to the deep sea, thereby facilitating the drawdown of atmospheric CO: (Boyd and Trull, 2007; Boyd et
al., 2019). POC and PON are the principal elemental constituents of POM (Martiny et al., 2013a; Fumenia et al., 2025).
Variations in the POC:PON ratios influence carbon and nutrient fluxes, the efficiency of the biological pump, as well as
processes ranging from primary production to export (Demir et al., 2025; Copinmontegut and Copinmontegut, 1983;
Matsumoto et al., 2020; Taucher et al., 2021).

45 POC and PON concentrations exhibit significant spatiotemporal variability across the global ocean, reflecting the combined
influences of phytoplankton growth and decomposition together with physical transport processes, including vertical mixing
and horizontal advection. In contrast, the POC:PON ratio, based on the classical Redfield ratio (C:N:P = 106:16:1) proposed
by Redfield (1934), suggests that phytoplankton maintain a globally consistent elemental composition. This concept became
a cornerstone of marine biogeochemistry. However, decades of research have shown that planktonic stoichiometry is flexible

50 (Redfield et al., 1963), with no physiological mechanism to enforce its invariance across spatial and temporal scales (Geider
and La Roche, 2002). Numerous basin- to global-scale studies have documented significant variations in POC:PON, such as
latitudinal gradients in elemental ratios across diverse trophic regimes (Martiny et al., 2013b), and regional departures from
Redfield stoichiometry (Henderson et al., 2025; Wang et al., 2025a; Zhang et al., 2024a; Fagan et al., 2024). While
POC:PON variability has been increasingly documented, our understanding of both the ratio and its principal constituents,

55 POC and PON, remains limited, primarily because globally consistent, long-term POM datasets with continuous spatial and
temporal coverage are still lacking.

Traditionally, POC and PON concentrations have been measured through sparse shipboard surveys or a few time-series
stations, offering limited spatial and temporal coverage and failing to capture the full heterogeneity of surface ocean
biogeochemistry (Fumenia et al., 2025; Martiny et al., 2013a). During the last two decades, ocean color remote sensing has

60 provided unprecedented opportunities for monitoring marine biogeochemical processes continuously and consistently over
broad spatiotemporal scales. Among them, satellite retrieval of POC has advanced significantly, leading to three main model
types: those based on inherent optical properties (IOPs), apparent optical properties (AOPs), and biological properties
(Stramski et al., 2008; Le et al., 2018; Liu et al., 2019). IOPs-based models most commonly use the particulate

backscattering coefficient (by,), with Stramski et al. (1999) pioneering POC estimation from b, at 510 nm. However,
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65 accurately deriving IOPs from AOPs remains challenging (Jiang et al., 2019; Evers-King et al., 2017), limiting their wider
application. In contrast, AOP-based models are more widely employed (Stramski et al., 2022), including the empirical
algorithm used by the NASA Ocean Biology Processing Group, which relies on the blue-green remote sensing reflectance
(R;s) ratio (Stramski et al., 2008). These models, however, are less reliable in optically complex coastal and inland waters
(Le et al., 2017; Jiang et al., 2019; Duan et al., 2014), partly due to the combined effect of phytoplankton and detrital

70 particles on POC and taxon-dependent relationships between R and POC (Pahlevan et al., 2017). A third category of
models, based on suspended particulate matter (SPM), works effectively in turbid waters, but is limited by the
spatiotemporal variability in POC:SPM ratios. In recent years, artificial intelligence (Al) techniques have been increasingly
used to retrieve global oceanic POC concentrations, integrating multiple bio-optical variables into unified models for
improved accuracy and robustness (Liu et al., 2021; Zhang et al., 2024d).

75 Compared with POC, research on satellite retrieval of PON remains relatively scarce, although interest in this topic has
grown in recent years. PON concentrations have been shown to be closely associated with bio-optical properties, particularly
by, and phytoplankton absorption coefficients (,;), in a wide range of aquatic environment (Fumenia et al., 2025; Fumenia
et al., 2020). These relationships demonstrate the potential of bio-optical parameters for estimating PON concentrations.
Wang et al. (2022b) explored polynomial regression approaches based on multiple bio-optical parameters and spectral

80 indices, and demonstrated their applicability for remote sensing retrieval of PON. Recent application of GPR to PON
retrieval across multiple ocean color satellite missions, integrating diverse bio-optical features, enhancing accuracy and
generalizability (Zhang et al., 2024c). This Al-based approach, combined with NASA Level-3 POC products, enables the
first global estimation of the oceanic POC:PON at high spatiotemporal resolution. In addition, initial attempts have been
made to retrieve the vertical distribution of PON using Al-based remote sensing methods (Zhang et al., 2025).

85  While satellite retrievals of POC and PON have achieved reasonable accuracy, their global coverage is limited by the polar-
orbiting configurations of ocean color sensors, which create systematic gaps between swaths. Cloud cover, sun glint effects,
and unfavorable solar or viewing zenith angles can further increase the occurrence of missing observations (Liu and Wang,
2022; Wang et al., 2024; Wang et al., 2025b). These gaps hinder complete global spatiotemporal characterization. To
overcome this, various data reconstruction techniques, including Data Interpolating Empirical Orthogonal Functions

90 (DINEOF; Beckers and Rixen (2003)), data interpolating convolutional autoencoder (DINCAE; Barth et al. (2020)), and
DCT-PLS (Garcia (2010)), have been used to produce continuous, gap-free datasets with preserved temporal coherence and
improved spatial completeness (Liu and Wang, 2022). Among these, DCT-PLS method stands out for its high computational
efficiency and proven success in global reconstructions, including surface currents in coastal waters (Fredj et al., 2016), Chl
a in the Adjacent Luzon Strait (Wang et al., 2022a), and global phytoplankton functional type (Zhang et al., 2024b).

95 Here, we present a new consistent global dataset of POC, PON, and POC:PON at daily 4 km resolution spanning 1998-2023,
addressing critical gaps in existing datasets. Daily global POC and PON concentrations were retrieved using GPR models
that integrate OC-CCI ocean color products with the Global Ocean Physics Reanalysis dataset. Missing values were then

reconstructed using DCT-PLS, producing gap-free global fields that outperform two commonly used reconstruction methods.
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The dataset was rigorously validated against independent in-situ observations, and the POC product was further evaluated
100 through TCA against two widely used global POC products. Comparisons of spatiotemporal variability highlight the
necessity of gap filling and demonstrate the improved capability of the dataset to consistently represent global POM
dynamics across space and time. The reconstructed products provide continuous global POC and PON distributions, and
particularly constitute a self-consistent POC:PON dataset, enabling systematic investigation of the biogeochemical,

physiological, and ecological drivers of POC:PON variability.

105 2 Materials and methods
2.1 General framework

The generation of global gap-free daily POM data products from ocean color observations is challenged by the complex
nonlinear relationships between optical signals and biogeochemical properties, together with extensive missing data resulting
from cloud contamination and unfavorable observation conditions. In this study, surface POC and PON retrievals were
110 formulated as a nonlinear relationship, incorporating bio-optical and physical predictors to better capture their spatial
heterogeneity and environmental dependence. To address these challenges, an integrated framework was developed (Fig. 1),
combining multi-source satellite observations and reanalysis data with separate retrieval and reconstruction processes.
Specifically, GPR was employed to model the nonlinear relationships between in situ measurements of POC and PON and
the corresponding bio-optical and physical variables. This approach provided robust estimates. To achieve spatiotemporally
115  continuous daily fields, the retrieved POC and PON data were reconstructed using the DCT-PLS approach, effectively filling
missing values while preserving spatial structures. Using the proposed framework, a global gap-free daily 4 km (8640 x

4320 pixels) POC, PON, and POC:PON was produced for the period from 1 January 1998 to 31 December 2023.
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Figure 1. Workflow for the generation of the global gap-free POC, PON, and POC:PON datasets.
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120

2.2 Data sources and preprocessing
2.2.1 In situ POC and PON observations

In-situ POC and PON were collected from three publicly accessible databases, including the SeaWiFS Bio-optical Archive
and Storage System (SeaBASS, https://seabass.gsfc.nasa.gov/; (Werdell and Bailey, 2005)), the Dryad Digital Repository
125  (https://datadryad.org/; Martiny et al. (2014)), and Zenodo (https://zenodo.org/; Tanioka et al. (2022)). These sources provide
extensive measurements of POC and PON concentrations across the global ocean. After vertical averaging within the upper

10 m and removal of duplicate records, 11,050 surface POC and 12,390 surface PON observations were retained.

2.2.2 Satellite ocean color dataset

Ocean color products from OC-CCI Version 6.0 (available at http://www.esa-oceancolour-cci.org), provided by the
130 European Space Agency, were used as the primary source for retrieving POC and PON concentrations. This dataset provides
daily 4km merged ocean color observations from SeaWiFS, MERIS, MODIS, VIIRS, Sentinel 3A/B OLCI. During the
merging procedure, observations from the contributing sensors were spectrally adjusted and bias-corrected to ensure
consistency with the MERIS data, followed by pixel-level uncertainty estimation. Despite multi-sensor integration and

uncertainty quantification, gaps in coverage remain, requiring reconstruction to create continuous POC and PON datasets.

135  2.2.3 Global ocean physics reanalysis dataset

Daily Global Ocean Physics Reanalysis data (GLORYS12VI1, 2001-2022; https://doi.org/10.48670/moi-00021) were
acquired from the Copernicus Marine Data Store (https://data.marine.copernicus.eu/products) to capture spatiotemporal
variability in oceanic physical properties. This high-resolution dataset (1/12°, approximately 8 km) includes key physical
variables such as sea surface temperature (SST) and sea surface salinity (SSS). The product is produced by a global
140 operational forecasting system that integrates multiple observational datasets, including along-track altimetry-derived sea
level anomaly, satellite SST, and in-situ temperature and salinity profiles. This product provides a physically coherent and

dynamically realistic reconstruction of ocean conditions.

2.2.4 Spatiotemporal matching of in-situ, satellite, and reanalysis dataset

A spatiotemporal collocation procedure was applied to match the in-situ POC and PON observations with the OC-CCI
145  dataset. For each in-situ sample, the nearest OC-CCI pixel was assigned for collocation. Satellite observations within a 3 x 3
pixel neighborhood and a temporal of 1 day were then extracted. Matchups were accepted only when at least five pixels
within the window contained valid data. And the satellite observation was represented by the mean of valid pixels (Liu et al.,

2021). The matched OC-CCI records were then combined with physical variables from the GLORYS12V1 reanalysis dataset,
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after resampling all GLORYS12V1 variables to the spatial resolution of OC-CCI products. The same spatial (3 x 3 pixels)
150 and temporal (+1-day) criteria adopted for the OC-CCI matchups were also applied to the reanalysis data.

This procedure yielded 3110 and 3118 valid matchups for POC and PON, respectively. The geographical distributions of

these matchups are shown in Fig. S1 a-b in the supplement (black circles). Overall, the sampling sites are globally

distributed, with the majority located in the Atlantic, Pacific and Indian Oceans, and a smaller fraction in the Southern Ocean.

Statistical summaries of all matched samples are provided in Table S1 in the Supplement.

155 2.3 Satellite retrieval models for POC and PON concentrations
2.3.1 Retrieval model development

Four categories of parameters (Table 1) were evaluated as candidate predictors for retrieving surface POC and PON
concentrations. AOPs and IOPs at 412 nm were excluded due to the high uncertainty associated with imperfect atmospheric
correction (Wei et al., 2020). To identify the optimal bio-optical features for POC and PON retrievals, a recursive feature
160 elimination approach based on the XGBoost algorithm (RFE-XGBoost) was employed. Predictors were ranked by
importance, and the optimal feature subset was identified based on the minimum value of the Akaike Information Criterion
with small-sample correction (4/Cc). A detailed description of this feature-selection procedure can be found in Zhang et al.
(2024c).
In addition to bio-optical variables, the physical properties listed in Table 1 were incorporated into the retrieval models.
165 These variables were not subjected to the RFE-XGBoost procedure because their influence on POM is mediated through
complex, indirect dynamical processes, often resulting in weak linear correlations with POC and PON concentrations.
Consequently, they would have been removed early in the feature selection process, despite their potential contributions to

model accuracy and physical consistency.

Table 1. Candidate predictors employed in the retrieval models of surface POC and PON.

Parameter
Dataset Abbreviation Definition Resolution
type
remote sensing reflectance at 443, 490,
Risaa3-665
510, 560, and 665 nm
K ,(490) diffuse attenuation coefficient of
Apparent ¢ downwelling irradiance at 490 nm ~4km,
OC-CCI dataset optical . daily,
blue-to-green reflectance ratio:
properties BG . 1 Jan 1998-31 Dec 2023
Rrs(’“b)/Rrs(Ag)
color index: Rys(Ag)-[Rys(Ap)+(Ag-Ap)/(2,-
CI

Ab)] x [Rrs (A/‘)'Rrs(lb)]
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maximum band ratio: max[R(4,;),
Rrs(}‘hZ)a R Rrs(ibn)]/Rrs(ig)
normalized difference nitrogen index:

[Rrs(/lg)'Rrs (Ab)]/[Rrs(;Lg)+Rrs (/lb)]

MBR

NDNI

total absorption coefficient at 443, 490,

a -
101443-665 510, 560, and 665 nm

absorption coefficient of detritus and

Inherent A 4g443-665 gelbstoff at 443, 490, 510, 560, and 665
optical nm
properties absorption coefficient of phytoplankton at
Aphaa3-665
443, 490, 510, 560, and 665 nm
total backscattering coefficient at 443, 490,
bipasz-665
510, 560, and 665 nm
Biological
. Chl-a Chlorophyll-a concentration
properties
SST Sea surface temperature
SSS Sea surface salinity
1/12°,
GLORYSI12V1 Physical Zy, Mixed layer depth dail
aily,
dataset properties Uy Eastward velocity
1 Jan 1998-31 Dec 2023
vy Northward velocity
SSH Sea surface height

170  The matchup dataset was randomly split into calibration (80%) and validation (20%) subsets for model development (Table

175

S1 in the Supplement). GPR, a nonparametric kernel-based method, was chosen for model training as it outperformed

parametric models like neural networks in preliminary experiments. The model’s robustness was evaluated using ten-fold

cross-validation. Moreover, an independent in situ dataset (illustrated as orange circles in Fig. S1 a-b in the Supplement)

from https://www.bco-dmo.org/dataset/526747 (Martiny et al., 2014), collected during the AE1206, AE1319, NH1418, and

AMT24 cruises and not used in model development, was used to assess the accuracy of the retrieval models.

2.3.2 Model interpretation method

To interpret the GPR POC and PON retrieval models, SHapley Additive exPlanations (SHAP) were used to assess the

contribution of individual features on the model outputs, including both the strength and direction of their effects. For each

observation, SHAP analysis decomposes the model output into contributions from each feature, with a SHAP value
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180  indicating the effect of each predictor on the corresponding prediction. Here, @;; denotes the SHAP value of the j-th feature
for the i-th sample, and the corresponding prediction is given by:
y= ﬂo+2§'{=1 Dij» 1
where ¢, is the model baseline output, typically defined as the average of the target variable over all samples; and &
represents the total number of input features in the model. Positive SHAP values indicate that a feature increases the
185 predicted value, whereas negative SHAP values suggest a reduction in the prediction.
SHAP analysis provides both global and local interpretability of the GPR models. Global interpretability evaluates the
overall influence of each input feature on model predictions, while local interpretability reveals the contribution of individual
features to specific predictions, thereby elucidating the model decision-making process and the influence of each feature on

individual samples.

190 2.4 Reconstruction of missing values in satellite-retrieved POC and PON concentrations
2.4.1 Reconstruction strategy

Daily global POC and PON concentrations were initially retrieved using GPR models. However, missing values required
reconstruction to produce gap-free fields. Several methods, such as DINEOF (Beckers and Rixen, 2003), DINCAE (Barth et
al., 2020), and OI (Reynolds and Smith, 1994), have been proposed for this task, but they can be computationally demanding
195 for large-scale, long-term datasets. In this study, a robust, iteratively weighted version of the DCT-PLS algorithm was
adopted. Owing to its computational efficiency, modest memory demands, and reliable reconstruction performance, the
method is well suited for large spatiotemporal datasets. DCT-PLS efficiently smooths one- and multi-dimensional data by
down-weighting potential outliers while giving higher weight to reliable observations (Garcia, 2010).
The reconstruction process was designed as follows: (1) Spatiotemporal cube construction. For each target day ¢, a three-
200 dimensional spatiotemporal data cube was constructed by stacking daily POC and PON fields within a +15-day temporal
window centered on ¢, resulting in a 31-day cube (4320 x 8640 x 31). This window length was chosen to capture short-term
temporal continuity while maintaining computational efficiency. The reconstruction window for the first fifteen days of
January 1998 and the last fifteen days of December 2023 adopted the most recent 3 1-day cube that contains the target day. (2)
Data reconstruction via DCT-PLS. The DCT-PLS method was applied to each cube to estimate missing values, utilizing both
205 spatial and temporal correlations. The process was iterated 100 times to ensure convergence. (3) Target Day Extraction.
After reconstruction, the central temporal slice corresponding to day 7 was extracted as the final gap-free POC or PON data.
This procedure was repeated for each day, ultimately generating a spatially complete, temporally continuous daily global

POC and PON datasets spanning 1998-2023.
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2.4.2 Evaluation of reconstruction performance

210 The reconstruction performance of DCT-PLS was evaluated using two approaches: (1) Gap simulation experiment. The
accuracies of DCT-PLS, DINEOF, and DINCAE were compared in nine randomly selected areas (indicated by the red
diamond in Fig. S2 in the Supplement) across representative oceanic regions defined by the Regional Carbon Cycle
Assessment and Processes framework (https://reccap2-ocean.github.io/regions/; Canadell et al. (2011)). For each area, 10%
of valid pixels for the target day were randomly removed and treated as missing values, which were then reconstructed and

215 compared with the original satellite-retrieved data to evaluate reconstruction accuracy. (2) Independent validation using in
situ data. An independent in situ dataset (https://www.bco-dmo.org/dataset/526747), previously used to evaluate the GPR
retrieval model in Sect.2.3, was also employed to assess the performance of DCT-PLS.

TCA was further applied to evaluate the performances of the GGFD POC product against two widely used global POC
products, MODIS-Aqua and MULTIOBS (Table 2). The application of TCA relies on three key assumptions (Kim et al.,

220 2023): each dataset is linearly related to the underlying true signal, the associated errors are orthogonal to the signal, and
error terms from different datasets are mutually independent. Adherence to these principles ensures that TCA delivers a
reliable and unbiased evaluation of errors and product quality.

Monthly means of all POC datasets were calculated and interpolated onto a common 1° x 1° grid. These fields were then
concatenated into a continuous time series for TCA analysis, which quantified relative errors and correlations of the three

225 datasets with respect to the unknown true POC. The fractional mean-squared error (fMSE) and the squared correlation

coefficient were used to express the error statistics derived from TCA. The fMSE was calculated as:

%z 7 1
IMSE = = = 55— = @)

Fog+d, TSR
where i represents one of the three datasets; 03, denotes the error variance estimated by TCA for dataset; f, is the scaling
coefficient; o7 represents the variance of dataset i; 6& corresponds to the variance of the underlying true POC signal; and
230 SNR denotes the signal-to-noise ratio (Zhang et al., 2024b; Kim et al., 2023). The squared correlation coefficient (R?) can be
expressed as:

Bod  SNR;
i 2 2 Rk
Biog + % I+SNR,

3)
It can be observed that the sum of fMSE and R? equals 1.

Table 2. Summary of publicly released POC data products used for comparison in this study.

Product Method Spatial resolution Temporal resolution Reference
blue-to-green
MODIS- (Stramski et al.,
reflectance ratio ~4 km daily
Aqua . 2008)
algorithm

10
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Transfer from a

MULTI dedicated transfer (Sauzede et al.,
. 0.25°%0.25° weekly
OBS function of by, to 2016)
POC

235 2.5 Spatiotemporal trend analysis

To detect long-term trends in POC, PON and POC:PON, the climatological annual signal at each grid cell was first
subtracted according to the method described by Vantrepotte and Mélin (2009). This annual cycle was computed from the
gap-free daily data products as the mean for each calendar month over 1998-2023. Linear regressions were then fitted to the
deseasonalized time series at each grid cell, with the slopes representing trends expressed as percent per year (% year).
240 Statistical significance was assessed using p-value, and regions with non-significant trends (p > 0.05) were masked in white
(Pauthenet et al., 2024).
To characterize the global evolution of oceanic POM, spatially weighted monthly medians of POC, PON, and POC:PON
were calculated from January 1998 to December 2023, with weights proportional to the cosine of latitude. Medians were

preferred over means because they are less sensitive to outliers and skewed distributions (Wasserman, 2013).

245 2.6 Uncertainty propagation analysis of POC:PON

The impact of uncertainties in gap-free POC and PON datasets on the POC:PON ratio was analyzed using uncertainty
propagation theory (Lee et al., 2010). The uncertainty of POC:PON (ACNR) was calculated considering both retrieval and

reconstruction processes. For each process, ACNR is expressed as a function of the uncertainties in POC (APOC) and PON

(APON):
_|apoc? | POC?APON?
250 ACNR= 4 DOCTAPON | 4)
PON PON
3. Results

3.1 POC and PON retrieval models
3.1.1 Performance of POC and PON retrieval models

Six bio-optical features were selected from 24 candidates for satellite retrieval of POC and PON concentrations, guided by
255  the lowest A/Cc values and relatively low RMSE (Fig. S3 in the Supplement). The selected features for both POC and PON
were Ris(443), ClI, BG, K4(490), Chl-a, and b,,(665). Model RMSE decreased as additional features were added until
reaching a plateau, indicating that the minimum A/Cc criterion effectively reduced model complexity without increasing

prediction error.

11
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The GPR POC and PON models exhibited high performance for both calibration and validation datasets (Fig. 2). For the
calibration of both POC and PON, the models achieved comparable performance, with R? values of 0.96 and RMSE values
of 1.23 mg m. The MAPE were 3.32% for POC and 6.26% for PON. The regression exhibited slopes of approximately 0.95,
indicating the models slightly overpredicted lower values while tending to underestimate higher concentrations. The cross-
validation analysis further demonstrated stable model performance. For POC, prediction accuracy was characterized by an
R? of 0.88, an RMSE of 1.42 mg m™ and a MAPE of 5.76%. Corresponding values for PON were 0.87, 1.45 mg m™, and
11.32%, respectively. Slopes of 0.94 obtained during cross-validation further supported the consistency between

observations and model estimates.
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Figure 2. Scatterplots of GPR-retrieved versus in-situ observations of POC (a—c) and PON (d—f): calibration (a, d), 10-fold cross-
validation (b, e), and validation (c, f).

Results from the validation confirmed the strong generalization capability of the model. For POC, the model achieved an R?
of 0.87, an RMSE of 1.47 mg m*, a MAPE of 5.86%, and a regression slope of 0.94. For PON, the corresponding values
were 0.89, 1.41 mg m™, 11.43%, and 0.95, respectively. Overall, the models performed comparably for POC and PON, with
slightly higher errors observed for PON. These results demonstrate that the GPR-based retrieval framework provides robust

and accurate estimates of global oceanic POC and PON.
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275 3.1.2 Interpretability of POC and PON retrieval models

Figure 3 shows the influence of individual features on the outputs of the GPR-based POC and PON models, illustrating both
local and global interpretability. For the prediction of log(POC), the most influential predictors in descending order were
log(Chla), BG, Z,, SST, log(b,(665)), SSS, log(R,s(443)), and log(K4(490)). In the GPR POC model (Fig. 3a and b),
log(Chla) exhibited the widest SHAP value distribution, indicating its dominant influence on model outputs. Consistent with
280 the strong positive correlation between log(POC) and log(Chla) (R = 0.90; Table 3), high Chla values were associated with
positive SHAP values, whereas low values contribute negatively, suggesting that increasing Chla enhanced predicted POC.
This is physically reasonable, as elevated Chla reflected increased phytoplankton biomass, leading to higher concentrations
of both POC and PON. BG was the second most influential predictor and exhibited an opposite SHAP pattern, with high BG
contributing negatively and low BG positively, consistent with its strong negative correlation with log(POC) (R = —0.90;

285 Table 3).
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Figure 3. (a) Local and (b) global interpretability of the GPR POC model, and (c) local and (d) global interpretability of the GPR
PON model.

The contribution of Z,, ranked third and showed a more complex SHAP distribution, reflecting its relatively weak negative
290 correlation with log(POC) (R = —0.48; Table 3). Smaller Z, values tended to enhance model outputs, probably because a
shallower mixed layer promoted nutrient retention within the euphotic zone and facilitated phytoplankton growth. In contrast,

larger Z, values generally suppressed POC estimates. SST exhibited a contribution pattern similar to BG, with higher values
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generally exerting a negative influence on POC predictions. This is consistent with the fact that elevated SST enhanced
water column stratification, suppressed nutrient supply, and limited POM production.

295 log(by,(665)) and log(K4(490)) exhibited similar effects, with lower values contributing positively and higher values tending
to suppress model outputs. This behavior could reflect reduced sensitivity of remote-sensing retrievals to biologically
derived POC signals under conditions of enhanced particle scattering and light attenuation. Notably, the SHAP contribution
patterns of these variables did not fully align with their significant positive correlations with POC. This discrepancy
highlights the importance of nonlinear interactions and combined modulation effects, which cannot be captured by simple

300 linear relationships. In contrast, log(R(443)) exhibited a distinctly non-monotonic contribution, reflecting the combined
effects of phytoplankton absorption, non-algal particles, and CDOM. Other physical variables showed more dispersed and
heterogeneous contributions. For example, the SHAP values of SSS spanned both positive and negative ranges, suggesting
that its effects on POC are mediated through complex and interacting oceanic processes.

Similarly, for log(PON), the dominant contributors included log(Chla), BG, SST, log(Kj(490)), Z,, log(R(443)),

305 log(byy(665)), and SSS. In the GPR-PON model (Fig. 3¢ and d), the relative importance of individual features differed
moderately from that in the GPR-POC model, while the directions of their contributions remained largely consistent. The
primary discrepancy occurred for log(R,(443)), where higher values were generally associated with negative SHAP values,
whereas lower values contributed positively.

Table 3. Correlation coefficients between the predictors and the POC PON concentrations.

Predictors  log(Chla)  BG Zin SST  log(hpy(665))  log(K4(490))  log(R.(443)) SSS ¥, SSH  CI Uy
log(POC) 0.90 -0.90 -0.48 0.67 0.81 0.87 -0.83 070  0.10 -056 0.88  0.04
Predictors  log(Chla)  BG  log(K4(490))  SST Znn log(Rs(443)  log(byy(665) SSS  SSH  V, I Uy
log(PON) 0.90 -0.89 0.87 -0.68 -0.47 -0.83 0.80 0.69 -055 009 088 0.3

310 3.2 Evaluation of DCT-PLS for POC and PON reconstruction
3.2.1 Comparison of DCT-PLS, DINEOF, and DINCAE

DCT-PLS demonstrated consistently superior performance in reconstructing both POC and PON concentrations, with high
accuracy maintained across different seasons. To illustrate this performance in a representative region, the reconstruction
results of the Equatorial Atlantic (marked in Fig. S2 in the Supplement) is presented as a case study. For POC, R* exceeded
315  0.96 and RMSE remained close to 1.03 mg m™ for both 1st January and 1st July 2020 (Fig. 4a and b). For PON, R? ranged
from 0.95 to 0.97, with similarly low RMSE of 1.05 mg m™ and 1.03 mg m, respectively (Fig. 4c and d). The MAPE for
PON was higher than that for POC, with values of 1.57% and 1.03% for PON, and 0.54% and 0.46% for POC,
corresponding to 1st January and st July 2020, respectively. The reconstruction accuracy for PON was therefore slightly

lower than that for POC. But overall, both variables were reconstructed with high quality, highlighting the robustness of the
320 DCT-PLS approach.
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Figure 4. Scatterplots of reconstructed versus GPR-retrieved POC and PON for 1st January and 1st July 2020. Panels (a)-(d)
correspond to DCT-PLS (POC: a,b; PON: c,d), panels (e)-(h) to DINEOF (POC: e,f; PON: g,h), and panels (i)-(I) to DINCAE
(POC: i,j; PON: k,I). All concentrations are shown on a log10 scale, and the color bar indicates point density.

325 In comparison, DINEOF showed noticeably reduced performance. For POC, R? decreased to 0.74 and 0.83, accompanied by
MAPE larger than 1.50% (Fig. 4e and f). For PON, the degradation was more pronounced, with R? dropping to as low as
0.69 on st January and MAPE both exceeding 3.70% on 1st January and st July (Fig. 4g and h). These results indicate that
DINEOF struggled to accurately capture the variability of PON compared to DCT-PLS.
DINCAE exhibits a different behavior. While its performance for POC is comparable to that of DINEOF on 1st January with

330 the same R* and RMSE, and a slightly higher MAPE of 1.61% (Fig. 4i). And for 1st July, the accuracy of DINCAE was
lower than that of DINEOF, with decreased R? and increased RMSE and MAPE (Fig. 4j). Relative to DINEOF, DINCAE
improved PON reconstruction performance on 1 January, increasing the R? to 0.76 and reducing the RMSE and MAPE to
1.10 mg m™ and 3.90%, respectively (Fig. 4k and 1). This suggests that DINCAE could better capture certain nonlinear
features in PON variability than DINEOF, although its overall performance remained inferior to DCT-PLS.

335 A comprehensive comparison across all nine regions further confirms the robustness of DCT-PLS (Table S2 in the
Supplement). The DCT-PLS method consistently outperformed both DINEOF and DINCAE in terms of reconstruction
accuracy. DINCAE achieved performance comparable to that of DINEOF, but its substantially higher computational cost

greatly constrains its applicability for large-scale ocean data reconstruction. In contrast, DCT-PLS exhibited clear advantages
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in computational efficiency, making it a more practical and scalable approach for large-scale applications, and was therefore

340 adopted in this study.

3.2.2 Performance of DCT-PLS reconstruction across the global ocean

Using the DCT-PLS method, the majority of missing oceanic POC and PON observations were recovered by exploiting the
spatiotemporal continuity and intrinsic correlations within a 31-day dataset centered on the target date. Fig. S4 in the
Supplement illustrates the daily number of valid pixels for both POC and PON before and after reconstruction. The original
345  satellite-retrieved products exhibited substantial data gaps, with valid pixels accounting for only approximately 24.21% of
the final reconstructed dataset on average. This result indicates that the DCT-PLS method increases data availability by

nearly fourfold, substantially reducing the inherent sparsity in satellite-derived POC and PON concentrations.
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Figure 5. Global oceanic distributions of satellite-retrieved and reconstructed POC concentration (a, d), PON concentration (b, e),
350 and POC:PON ratios (c, f) products on 1 July 2020.

To further evaluate reconstruction performance, the spatial completeness and continuity of the POC and PON fields were
examined. As shown in Fig. 5, it presents global distributions of satellite-retrieved and reconstructed POC, PON and
POC:PON on 1 July 2020, the reconstructed maps more clearly revealed large-scale spatial patterns compared with the
original retrieved maps. Specifically, the number of valid pixels increased from 5,061,773 in the retrieved dataset to
355 15,782,282 after reconstruction. This substantial increase demonstrates that the DCT-PLS method effectively mitigated
spatial discontinuities caused by cloud contamination and observational gaps, while preserving the underlying large-scale
distribution features of POM.
Nevertheless, a small portion of POM data remained unreconstructed in regions persistently lacking satellite observations,
such as areas affected by polar night, high solar zenith angles, or frequent cloud cover (e.g., red-boxed area in Fig. 6a). This

360 limitation reflects an intrinsic constraint of gap filling when observational data are absent from extended periods. In practice,
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reconstruction of a given pixel within the 31-day window was often not possible if fewer than five valid observations were

available (Fig. S5 in the Supplement), also depending on the availability of valid data in neighboring pixels.
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Figure 6. Monthly mean gap-free maps of POC, PON, and POC:PON (a-c), and corresponding relative differences between the
365 reconstructed and satellite-retrieved values for July 2020 (d-f).

Figure 6 shows the monthly mean gap-free maps of POC, PON, and POC:PON (Fig. 6a—c), together with maps of the
unbiased relative difference (URD, URD = (y,~y,)/(y,+y,) X 200%) between the reconstructed and satellite-retrieved
monthly averages for July 2020 (Fig. 6d—f). The gap-free POC exhibited strong consistency with the satellite retrievals, with
URD values ranging from -41.58% to 58.55% and a mean of 0.10%+1.55%. In contrast, the URD for PON ranged from -
370  70.45% to 124.97%, with a mean of -0.24%+2.82%, indicating substantially larger variability. The derived POC:PON ratio
showed the smallest variability, ranging from -41.60% to 40.78%, with a mean of -0.003%=1.89%.
Spatially, the reconstructed and satellite-retrieved results exhibited broadly consistent global patterns, with URD values close
to zero across oceanic regions. Pixel-wise comparisons between the monthly mean fields showed strong agreement,
suggesting that the DCT-PLS approach effectively preserves the spatial patterns and statistical characteristics of POC and
375 PON. Noticeable positive and negative URD patches were observed in the northern North Pacific, North Atlantic, and
Northern Indian Oceans for all the three variables. These discrepancies were more widespread and pronounced in the PON

dataset, further indicating its relatively higher reconstruction uncertainty.

3.3 Independent evaluation of satellite retrieval and missing value reconstruction

To objectively evaluate the accuracy of both the satellite-retrieved POM results and the reconstructed POM products, an
380 independent in situ dataset, which was not involved in model development, was used. These samples were mainly obtained

from oligotrophic regions of the Atlantic and Pacific Oceans, with a few from coastal waters of the Atlantic. The in situ POC
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concentrations ranged from 13.09 to 220.18 mg m™, and PON concentrations ranged from 1.54 to 33.01 mg m™ (Fig. S1 c—d
in the Supplement).

Scatterplots comparing satellite-retrieved and reconstructed POC, PON, and POC:PON against in situ measurements are
shown in Fig. 7, based on 60 satellite—in situ matchups. Overall, both POC and PON exhibited strong agreement with in situ
observations, with B> of 0.73 and 0.81, RMSE of 1.56 mg m> and 1.51 mgm?>, and MAPE of 6.02% and 15.59%,
respectively. These results suggest that satellite-retrieved POC was estimated more accurately than PON. In contrast, the
POC:PON ratio exhibited lower predictive performance, with an R? of 0.43, RMSE of 1.07 mg m~, and MAPE of 11.69%.
Regression slopes for retrieved POC, PON, and POC:PON were 0.65, 0.70, and 0.67, respectively, indicating overestimation

at low and underestimation at high values.
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Figure 7. Scatterplots of satellite-retrieved versus in situ measured values for POC (a), PON (b), and POC:PON (c), and
scatterplots of reconstructed versus in situ values for POC (d), PON (e), and POC:PON (f) based on an independent validation
dataset. The color bar represents point density.

For the reconstructed data, a total of 210 matchups with in situ observations were available. To ensure an independent
evaluation, the 60 matchups used for satellite retrieval validation were excluded, leaving 150 matchups for assessing
reconstruction performance. Overall, reconstruction performance was slighter better for POC than for PON, with R? of 0.73
and 0.74, RMSE of 1.35 mg m™ and 1.39 mgm™, and MAPE of 5.94% and 13.85%, respectively. The reconstructed
POC:PON ratio exhibited lower accuracy, with an R? 0f 0.34, RMSE of 1.04, and MAPE of 11.39%. The reconstructed POC
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400 and PON data showed improved performance compared to retrieval results, with regression slopes of 1.04 and 1.02,
respectively. However, the POC:PON ratio still exhibited a tendency to be overestimated at low concentrations and
underestimated at high concentrations, with a regression slope of 0.57.

Opverall, both satellite-retrieved and reconstructed POC concentrations showed relatively good accuracy, followed by PON
concentrations. The performance for POC:PON was lowest, integrating the compounded uncertainties from both POC and

405 PON measurements.

3.4 Comparison of GGFD POC products with MODIS-Aqua and MULTIOBS

Because of the coarse temporal resolution of the MULTIOBS product, TCA analysis was performed on the monthly POC
from GGFD, MODIS-Aqua, and MULTIOBS datasets to demonstrate the superior performance of the GGFD dataset
developed in this study. The statistical results of R? and fMSE derived from the TCA analysis were showed in Fig. 8a-d.

410 Overall, monthly GGFD POC outperformed the other two products, exhibiting the highest median R (0.86) and the lowest
median fMSE (0.14). The fMSE cumulative distribution function (CDF) of GGFD POC was shifted toward lower values with
a gentler slope, while its R? CDF was shifted toward higher values and appeared steeper compared with the other two
datasets. These features indicate that GGFD POC achieved lower errors and higher consistency across a larger fraction of
grid points, reflecting improved spatial robustness. MULTIOBS exhibited intermediate performance, with a median fMSE of

415 0.18 and an R? of 0.82, whereas MODIS-Aqua POC showed the largest global errors, with a median fMSE of 0.31 and an R?
of 0.69.
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Figure 8. TCA results for GGFD, MODIS-Aqua, and MULTIOBS monthly POC products. (a)-(b) show global oceanic statistics of
fMSE, and (c)-(d) show those of R%; (e)-(g) illustrate the spatial distribution of fMSE, and (h)-(j) present the spatial distribution of
420 R? for GGFD, MODIS-Aqua, and MULTIOBS, respectively.
The spatial distributions of R? and fMSE for the three POC products are illustrated in Fig. 8e-j. GGFD POC demonstrated
consistently superior performance across most regions of the global ocean, although relatively elevated fMSE values were
observed in subtropical gyre zones (Fig. 8e). Most fMSE values were below 0.5, indicating that the true POC signal
dominates over the estimation noise (Zhang et al., 2024b), and that GGFD POC is therefore a precise product. MULTIOBS
425 POC displayed a spatial pattern similar to that of GGFD, also showing elevated fMSE in subtropical gyres (Fig. 8g). In
contrast, MODIS-Aqua POC showed lower fMSE in subtropical gyres, particularly in the southern Pacific, but exhibited
substantially higher errors in mid- to high-latitude regions than the other two datasets (Fig. 8f). The spatial pattern of R> for
GGFD and MULTIOBS were similar, with GGFD consistently achieving higher values (Fig. 8h and j). Across the global
ocean, R? values for MODIS-Aqua were significantly lower than those of the other two datasets, especially in the mid- to
430 high-latitude regions (Fig. 8i). In general, the evaluation indicated that the GGFD POC outperformed the alternatives,
demonstrating a clear advantage.
The technical framework used to generate the PON product was essentially identical to that of POC, and previous
evaluations have demonstrated comparable retrieval and reconstruction accuracies for both variables. Although no global
oceanic PON products are currently available for direct comparison, the TCA results for POC provide a useful reference for

435  assessing the reliability of the PON and POC:PON products.

4 Discussion
4.1 Spatiotemporal comparison of POC, PON, and POC:PON between satellite retrievals and reconstructions

To examine the temporal trends of POC, PON, and POC:PON from satellite retrievals and reconstructions, spatially
weighted medians from both datasets are presented in Fig. 9. Both POC and PON exhibited clear seasonal cycles, with
440 annual maxima typically occurring in October and minima in June. In contrast, the POC:PON ratio followed an earlier
seasonal cycle, with maxima in April and minima in August, approximately two months earlier than those of POC and PON.
Pronounced interannual variations were also evident, underscoring the importance of comparing long-term trends between

retrieved and reconstructed data.
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Figure 9. Spatially weighted monthly median of POC, PON, POC:PON from January 1998 to December 2023. The thin lines show
the monthly median values, while thick lines represent the locally smoothed medians using a 13-month sliding window. The dotted
lines represent the linear fit, the shading indicates the 95% confidence interval.

Although the seasonal patterns were broadly consistent across the two datasets, differences in magnitudes and long-term
trends were apparent. For POC, the reconstructed monthly median values and their corresponding locally smoothed medians
were consistently higher than those from the satellite retrievals, particularly during 1998-2003. Consequently, the overall
decreasing trend of the locally smoothed median from 1998 to 2023 was more pronounced in the reconstructed data (Fig. 9a,
regression slope = —0.031£0.005, P < 0.05) than in the satellite retrievals (Fig. 9a, regression slope = —0.012+0.005, P <
0.05). PON revealed similar patterns, with slopes of —0.003+0.001 (Fig. 9b, P < 0.05) and —0.001£0.001 (Fig. 9b, P < 0.05)

for the reconstructed and retrieved data, respectively. For the POC:PON ratio, reconstructed values were also significantly
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455  higher than that of satellite retrievals, leading to a steeper long-term decrease (Fig. 9c, regression slope = —0.003+0.0001, P
< 0.05) compared with the satellite retrievals (Fig. 9c, regression slope = —0.002+0.0001, P < 0.05).
The consistently higher reconstructed values and more pronounced interannual variability may be attributed to gaps or cloud
contamination in the satellite data at high latitudes or during specific seasons, which can leave many high values unrecorded.
By filling these missing values, the reconstructions not only increased monthly averages but also provided a more accurate
460 depiction of long-term interannual trends. The enhanced temporal continuity and completeness of the reconstructed datasets
enable more precise and continuous representations of global POC and PON distributions and dynamics, thereby facilitating
investigations into the physiological and ecological mechanisms underlying POC:PON variability.
Figure 10 further shows the long-term trends of POC, PON, and POC:PON for each grid cell across the global ocean from
1998 to 2023 derived from both satellite retrievals and reconstructed data. For the reconstructions, all three variables
465 exhibited significant declining trends, with most regions in the Pacific and Atlantic Oceans showing negative slopes (blue
areas in Fig. 10a-c). In the central subtropical gyres of the North Pacific, North Atlantic, and Indian Ocean, significant
positive trends (red areas in Fig. 10a and b) appeared for both POC and PON concentrations. Large white regions were also
observed for both POC and PON, suggesting the absence of any statistically significant trends. In contrast, POC:PON was
characterized by a scattered but widespread declining trend, with a few areas exhibiting a positive trend (Fig. 10c). The
470 satellite retrieval revealed a similar pattern, with more white areas representing insignificant trends, which can be attributed
to fewer available observations compared to the reconstructions. This to some extent highlights the advantages of
reconstructed data in studying the spatiotemporal variations of POM, contributing to a more comprehensive and complete

understanding.
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475  Figure 10. The linear trends of the deseasonalized POC, PON, and POC:PON for each grid cell. Trends were calculated over the
period from January 1998 to December 2023. White areas indicate non-significant trends (p-value >0.05).
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4.2 Uncertainty of POC:PON estimates and future perspectives

The final gap-free POC:PON product was derived from the gap-free POC and PON products, which were first retrieved
using GPR models and subsequently reconstructed using DCT-PLS. Consequently, uncertainties arising from both the
retrieval and reconstruction processes influence the accuracy of the final POC:PON ratio. To quantify these impacts, error
propagation analysis was conducted using the same independent validation datasets as in Sect.3.3 for retrievals and
reconstructions. It shows that uncertainties in 55/60 retrieved POC and 53/60 retrieved PON cases were less than 10% (Fig.
11a and b), and uncertainties in 145/150 reconstructed POC and 142/150 reconstructed PON cases were below 10% (Fig.
11d and e). For the POC:PON ratio, 33/60 retrieval cases were dominated by PON uncertainty, and 79/150 reconstruction
cases were similarly determined by PON (Fig. 11c and f).
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Figure 11. Uncertainty in the POC:PON derived from retrieved (a) POC and (b) PON, and reconstructed (d) POC and (e) PON,
assuming zero uncertainty in other variables; and the proportion of POC uncertainty on the uncertainty of (c) retrieved and (f)
reconstructed POC:PON.

Overall, the error propagation analysis indicated that the impacts of POC and PON uncertainties on the POC:PON ratio were
broadly comparable, although PON uncertainty exerted a larger influence. Accuracy assessments of both satellite retrieval
and reconstruction algorithms consistently showed that POC is estimated more accurately than PON. This could be due to
higher natural variability of PON concentrations, which presents additional challenges for accurate satellite retrieval and
reconstruction.

Future improvements could focus on several aspects. One priority is the refinement of satellite retrieval models to achieve
more accurate estimates of POC and PON concentrations. In particular, expanding in-situ observations in regions that are
currently sparsely sampled would help improve model generalization and applicability at the global scale. Moreover, the
current GPR models are based primarily on statistical relationships and do not explicitly represent biological processes,
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thereby limiting their ability to elucidate the mechanisms governing variations in POC, PON, and POC:PON. Integrating
500 ecological models with remote sensing data could enhance both accuracy and interpretability. Second, the physical
reanalysis data at 1/12° resolution were resampled to 4 km to match the OC-CCI product, ensuring dataset consistency. This
upsampling process may affect the statistical characteristics and introduce errors. Future work could incorporate higher-

resolution data and minimize information loss during processing to further improve the quality of the gap-free datasets.

5 Conclusion

505 This study presents the first consistent global gap-free daily 4 km dataset of POC, PON and their ratio spanning 1998-2023,
providing a robust data foundation for investigating POM dynamics in relation to the carbon cycle and biogeochemical
stoichiometry. GPR models were developed to retrieve POC and PON by integrating selected bio-optical and physical
variables, while missing values were reconstructed using the DCT-PLS algorithm to generate gap-free global fields.
Validation against independent in-situ observations confirms high accuracy for retrieved and reconstructed POC and PON,

510  while the POC:PON ratio shows higher but still acceptable uncertainties. TCA analysis between GGFD, MODIS-Aqua and
MULTIOBS POC products further demonstrates the superior performance of the GGFD POM dataset. The dataset better
captures the spatiotemporal variability of POC, PON, and their ratio, enabling more consistent characterization of global
carbon-nitrogen interactions and marine biogeochemical stoichiometry. Error propagation analysis indicated that
uncertainties in PON retrieval and reconstruction dominate the uncertainty in the POC:PON ratio due to its higher variability.

515 Future work should focus on improving PON retrieval accuracy through incorporating additional in-situ observations and

higher-resolution physical constraints.
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