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Particulate organic carbon (POC) is an essential component of the carbon
pump within marine organisms. Exploring estimation methods for POC holds
substantial significance for understanding the marine carbon cycle. In this
study, we investigated the spatial heterogeneity of 30 factors and POC
concentrations using geodetector to account for nonlinearity, diversity,
and complexity. Ultimately, 20 factors including sea surface temperature,
sea surface salinity, and chlorophyll-a were selected as modeling variables.
Six machine learning models—backpropagation neural network,
convolutional neural network, attention-based neural network, random
forest (RF), adaptive boosting, and extreme gradient boosting were used to
compare their performance. The results indicate that among the six machine
learning algorithms, RF exhibits the strongest performance, with a root mean
square error of 0.11 [log(mg/m®)] and an average percentage deviation of
2.73%. Global annual average sea surface POC concentrations were
estimated for 2007 and compared to NASA's POC product. The outcomes
indicate that the RF model-based estimation method displays enhanced
accuracy in estimating POC concentrations within intricate coastal
environments, while the backpropagation neural network performed better
in estimating POC concentrations in open ocean areas. Leveraging the RF
model, global sea surface POC concentrations were estimated for the years
2007 through 2016, enabling a spatiotemporal analysis. The analysis unveils
heightened POC concentrations in coastal regions and lower levels in open
ocean areas. Furthermore, POC concentrations were greater in high-latitude
regions compared to mid and low latitude counterparts. In conclusion, the
global sea surface POC product in this study exhibits heightened spatial
resolution and improved data completeness in contrast to other products. It
enhances the accuracy of conventional POC estimation methods,
particularly within coastal regions.
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1 Introduction

Marine particulate organic carbon (POC) refers to the organic
particles in the ocean that are generated through the metabolic
processes of marine organisms, resuspension of sediments, and
input from land sources. These particles include phytoplankton
cells, bacteria, and organic debris, among other substances (Brewin
etal., 2021). POC accounts for approximately 10% of ocean organic
carbon reservoirs (Jahnke and Richard, 1996; Loisel et al., 2002).
Although POC accounts for a small proportion of the open ocean, it
is an essential component of biological pumps with a high carbon
turnover rate and significant carbon flux (Sarmiento, 2006; Kim
et al,, 2022; Lao et al,, 2023a). Therefore, analyzing spatiotemporal
variations in the stock and flux of POC in the ocean is of great
significance for studying the marine carbon cycle. Remote sensing
data offer significant advantages in terms of temporal and spatial
resolution (Sawaya et al., 2003; Devi et al., 2015). By utilizing remote
sensing techniques, it is possible to provide additional methods for
estimating the POC stock in the ocean (Stramski et al., 1999). POC
does not possess optical activity, making it challenging to directly
retrieve POC information from remote sensing signals (Wang et al.,
2017). Researchers, both domestically and internationally, have
conducted a series of studies on the factors influencing POC and
found correlations between POC and inherent optical properties
(IOPs), apparent optical properties (AOPs), and water constituents
(Stramski et al., 1999; Stramski et al., 2008). Based on these findings,
scientists proposed a range of POC retrieval algorithms.

Stramski et al. (1999) were the first to estimate the distribution
of POC using the IOPs of water. Based on measured POC data, they
established an empirical relationship between POC and the particle
backscattering coefficient (bbp). This relationship was then used to
quantitatively estimate POC concentrations in the Southern Ocean
(Stramski et al., 1999). Loisel et al. (2001) discovered a near-linear
relationship between POC and bbp in the Southern Ocean. Based
on this relationship, they derived the global spatial distribution and
seasonal variations of POC using bbp (Loisel et al., 2001).
According to the measured POC data, Gardner et al. (2006)
established an empirical relationship between the particle
attenuation coefficient (cp) and POC. Using this relationship, they
developed a Two-Step algorithm (Gardner et al., 2006). However,
accurately deducing IOPs from AOPs is crucial for a POC retrieval
model based on IOPs (Jiang et al., 2015; Hayley et al., 2017;
Liu et al., 2021).

In addition, some algorithms directly estimate POC based on
AOPs. For instance, Stramski et al. (2008) proposed a blue-to-green
band ratio algorithm based on the relationship between POC
concentrations and remote sensing reflectance (Rrs) in the blue
and green bands (Stramski et al., 2008). Currently, the NASA
standard POC algorithm belongs to this category. O'Reilly and
Werdell (2019) proposed a maximum band ratio-OCx (MBR-OCx)
algorithm for chlorophyll estimation. Stramski et al. (2022) tested
the performance of the Maximum Band Ratio for POC estimation
(O'Reilly, 2000; O'Reilly and Werdell, 2019; Stramski et al., 2022).
Le et al. (2017) established a POC estimation method using a color
index (CI) based on satellite Rrs data and matched POC
measurements (Le et al., 2017). Son et al. (2009) proposed the
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estimation of POC using the normalized difference carbon index
(NDCI) inspired by the normalized difference vegetation index. The
results showed high accuracy (R* = 0.97, N=58). Furthermore, Son
et al. (2009) introduced the maximum normalized difference carbon
index (MNDCI) based on the NDCI, demonstrating even higher
accuracy than the previous NDCI (Son et al., 2009; Wang et al.,
2017). The algorithms mentioned above are suitable for open-ocean
Type I waters, whereas the others are more suitable for coastal Type
IT waters (Morel and Prieur, 1977). Several scholars have
comprehensively tested the algorithms above and developed a
series of hybrid algorithms. Stramski et al. (2022) combined the
band ratio difference index (BRDI) algorithm with the MBR-OC4
algorithm based on POC concentration. The final hybrid algorithm
achieved good accuracy in both Type I and Type II waters,
significantly improving the universality of POC estimation
algorithms. Cai et al. (2022) developed a hybrid algorithm for the
East China Sea based on the CI and band ratio algorithms. Using
this algorithm, they conducted a long-term time-series estimation
and achieved satisfactory accuracy (Cai et al., 2022; Stramski
et al., 2022).

Owing to the improved fitting capability of machine learning
for nonlinear data, its application in water color remote sensing has
become increasingly widespread. Scholars have already explored the
use of machine learning methods for estimating POC. Liu et al.
(2021) trained three machine learning models: extreme gradient
boosting (XGBoost), support vector machine (SVM), and Artificial
Neural Networks (ANN). They compared these models with the
traditional blue-to-green band ratio algorithm for POC estimation.
The results showed that the performance of the machine learning
algorithms was superior to that of traditional algorithms.
Additionally, machine learning algorithms better estimate the
POC in marginal seas and optically complex estuarine waters (Liu
et al,, 2021). Sauzede et al. (2016) developed the “Satellite Ocean-
Color merged with Argo data to infer bio-optical properties to
depth” (SOCA) method, a neural network-based method trained
using the Biogeochemical-Argo database, for estimating the vertical
distribution of bbp. SOCA was improved by Sauzede et al. (2020),
and the new SOCA2020 model improved the accuracy of POC
estimation and additionally estimated chlorophyll-a (Sauzede et al.,
2021; Sauzede et al., 2020). However, owing to the complex optical
conditions in coastal areas, the distribution of POC exhibits
significant spatial heterogeneity, which results in uncertainty in
POC estimation, even when using machine learning methods.

Geodetector is a novel statistical method for detecting
spatial heterogeneity and identifying the underlying driving
factors. This approach does not assume linearity and can be
used to measure spatial differentiation, detect explanatory
factors, or analyze the interactions between variables. It has
been applied in various fields of the natural and social sciences
(Wang and Xu, 2017). In this study, to improve the
performance of machine learning in estimating the global
ocean POC, geodetector was used to detect the spatial
correlation between POC and 30 factors. Six machine
learning models were trained: backpropagation neural
network (BPNN), convolutional neural network (CNN),
attention-based neural network (ABNN), random forest (RF),
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adaptive boosting (AdaBoost), and extreme gradient boosting
(XGBoost). The performances of these models were compared
and evaluated. This study estimated the annual average surface
POC concentration globally from 2007 to 2017 and compared it
with NASA’s POC product. This study contributes to the
development of global high-precision POC products by
addressing the uncertainty caused by the significant spatial
heterogeneity of POC in coastal areas.

2 Materials and methods

2.1 In situ data

This study utilized data from three publicly available datasets:
1) The NASA Bio-Optical Marine Algorithm Dataset, which is a
global, high-quality dataset for in situ bio-optical measurements;
it is used to develop ocean color algorithms and validate satellite
products (Werdell and Bailey, 2005). 2) The SeaWiFS Bio-optical
Archive and Storage System (SeaBASS) website (https://
seabass.gsfc.nasa.gov/) provides access to the in situ POC
measurement data. SeaBASS is an oceanic and atmospheric
measurement database maintained by the NASA Ocean Biology
Processing Group; it collects in situ measurement data from
various global cruise missions and observation sites (Werdell
and Bailey, 2005). 3) Martiny et al. (2014) collected 60,811 in
situ data points from 70 global cruise missions (Martiny et al.,
2014). To establish a global surface POC estimation model in their
study, the downloaded POC data were standardized, and data at
depths of less than 20 m were retained as shallow surface POC
concentrations. In cases where multiple measurements were
available for the same spatiotemporal coordinates, the average
value was considered the measured POC value for that particular
point. In total, 21,955 surface POC data points were obtained.
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2.2 Matching of satellite and reanalysis
data with in situ data

Moderate Resolution Imaging Spectroradiometer (MODIS)
data was downloaded from the NASA OCEAN COLOR website
(https://oceancolor.gsfc.nasa.gov/), and remote sensing reanalysis
data from multiple databases downloaded from the Copernicus
Marine Service (https://marine.copernicus.eu/) (Lavergne et al.,
2019; Merchant et al., 2019; Good et al., 2020). The statistical
information on the remote sensing and reanalysis data is presented
in Supplementary Table S1. According to the collected in situ POC
measurement data, remote sensing, and reanalysis data covering
2007 to 2017 were used. The temporal resolution was standardized
at monthly intervals. The ArcGIS mapping tool was used to match
the POC measurement data with satellite data using a monthly time
window, which reduces the time lag in the correlation between POC
and influencing factors and improves the stability of the matching
results (Bonelli et al., 2022). Finally, 14,067 matched points were
obtained for the 2007-2017 period. The geographic distribution of
the matching points is shown in Figure 1. The maximum POC
concentration observed was 4743 mg/m3, the minimum was 1.45
mg/m?’, and the average was 156.59 mg/m”.

2.3 Dataset segmentation

Suspended particulate matter (SPM) refers to the solid particles
suspended in water, including organic and inorganic particles.
Therefore, the ratio of POC to SPM (POC/SPM) can be used to
measure the contribution of organic particles to total suspended
particles (Stramski et al., 2008; Wozniak et al., 2010; Tran et al.,
2019). According to the POC/SPM ratio, waters can be classified
into three types (Wozniak et al, 2010): if POC/SPM< 0.06, the
particles in the water are predominantly mineral-based; if POC/
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FIGURE 1

Geographic distribution of matching points for particulate organic carbon (POC) and remote sensing data, where the color of the point represents

the magnitude of the POC concentration.
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SPM > 0.25, the particles in the water are predominantly organic-
based; if 0.06< POC/SPM< 0.25, it is considered a mixed water. This
study compiled the POC concentration ranges for the three types of
waters in the dataset, as shown in Table 1 and illustrated in the box
plot in Figure 2.

As shown in Table 1, there were 947 observations of mineral
water type in the dataset, with an average POC concentration of
31.06 mg/m® and a median of 23.20 mg/m>. For the mixed water
type, there were 12,162 observations with an average POC
concentration of 42.14 mg/m> and a median of 30.60 mg/m’.
Finally, for the organic water type, there were 958 observations
with an average POC concentration of 296.23 mg/m® and a median
of 220.09 mg/m’. The standard error of POC for all three water
types was less than 10 mg/m”, indicating a relatively concentrated
distribution of data within each group. From Figure 2, it is evident
that there are significant differences among the three groups. Thus,
using POC/SPM as a classification criterion for waters effectively
represented the differences in POC concentrations within this
research dataset.

The dataset was divided into three parts according to the water
type to train and evaluate the machine learning model. Each part
was further split into training, validation, and test datasets at a
ratio of 6:2:2, as shown in Figure 2. The resulting dataset
contained approximately equal proportions of the three water
types, with distributions of approximately 7% mineral, 86%
mixed, and 7% organic water. This data partitioning method
ensures that the POC measured data in the training, validation,
and test datasets have similar distribution patterns, which can
enhance the effectiveness of the subsequent machine learning
model training and evaluation.

2.4 Feature selection method

The objective of feature selection is to find the features most
relevant to the target variable while excluding those that do not
contribute to the model’s performance. This is an important step in
machine learning that helps reduce data redundancy and noise and
improves the model’s generalization and interpretability (Liu et al.,
2021). Geodetector was employed to select features for the model.
Its theoretical foundation is spatial autocorrelation, which breaks
the assumption of independent and identically distributed data in

TABLE 1 Statistical data table of measured points for mineral, organic,
and mixed water.

Type Mineral Mixed Organic
amount 947 12162 958
average(mg/mS) 31.06 42.14 296.23
median(mg/m®) 23.20 30.60 220.09
min(mg/m”) 1.46 22.12 93.51
ax(mg/m”) 428.58 2207.18 4743.84
SD* 1.06 0.41 9.96

* SD, Standard Deviation.
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classical statistics (Elhorst, 2010). The core idea is that if an
independent variable significantly influences a dependent variable,
the spatial distribution of the independent variable should be
similar to that of the dependent variable (Wang and Hu, 2012).
Geodetector is adept at analyzing categorical variables, and for
ordinal, ratio, or interval variables, they can also be subjected to
appropriate discretization for statistical analysis using geodetector
(Cao et al.,, 2013). Geodetector consist of four detectors, where the
q-value in factor detection represents the extent to which factor
explains the spatial variation in attribute POC. The formula used is
as Equation 1:

Wss
171775 @

In the equation, WSS represents the within sum of squares, and
TSS represents the total sum of squares. Interaction detection
assesses whether the interaction between two factors increases or
decreases the explanatory power of the dependent variable or
whether the effects of these factors on POC are independent of
each other.

The spatial distribution of POC at a global scale is uneven. This
study utilized geodetector analysis to identify the factors influencing
POC concentration, ensuring that the spatial distribution of each
factor is similar to that of POC. By validating the spatial correlation
between each factor and POC, the model can better represent the
spatial distribution characteristics of POC.

2.5 Machine learning methods

Six machine learning models were trained in this study,
including the BPNN, CNN, ABNN, RF, AdaBoost, and XGBoost,
to estimate POC on the ocean surface. The performance of each
model was tested individually.

ANN consist of a complex network structure that includes an
input layer, hidden layer(s), and an output layer (Mcculloch and
Pitts, 1990). The ANN learns and adapts to tasks through
continuous training and weights (Lecun et al, 2015). Popular
training algorithms for ANN include backpropagation and
gradient descent algorithms. This study’s BPNN model consisted
of one input layer, ten hidden layers, and one output layer. The first
hidden layer contained 89 neurons, and the remaining hidden
layers contained 52 neurons. The activation function used
between the input and hidden layers and between the output and
hidden layers is ReLU. The mean squared error (MSE) was used as a
loss function to train the model.

CNN is widely used in image recognition and computer vision
tasks. Compared with traditional fully connected neural networks,
CNNs have the characteristics of local connectivity and weight
sharing, which enable them to effectively extract spatial features
from images (Lecun et al., 1998). The core components of a CNN
are the convolutional and pooling layers. The CNN model used in
this study consisted of a one-dimensional convolutional layer with
one input channel, 16 output channels, and three convolutional
kernels. It also included a fully connected layer and an output layer.
The ReLU activation function was applied to the nonlinear
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transformations between each layer. The MSE was used as a loss
function to train the model.

The ABNN enhances the model’s performance for specific tasks
by introducing attention mechanisms; it can automatically learn
and select important features from input data and model their
correlations using a special weight allocation method (Yang et al.,
2019). In this study, we first used fully connected layers for the
feature transformation. The softmax function was used to calculate
attention weights, which were used to weigh the features. The
weighted features were summed. Similarly, the ReLU activation
function was used for nonlinear transformations between layers.

AdaBoost builds a robust classifier by combining multiple weak
classifiers, such as decision stumps (decision trees with only one
split node) or simple linear classifiers. One characteristic of
AdaBoost is that in each training round, it assigns higher weights
to samples misclassified in the previous round. This allows weak
classifiers to focus on misclassified samples, improving their overall
performance and robustness (Freund and Schapire, 1995). This
study used the sklearn library for python to build Adaboost.
Decision trees were used as weak regressors, and the total number
of iterations in the ensemble was set to 100.

XGBoost is an ensemble learning method based on a gradient-
boosting algorithm used to solve classification and regression
problems. This is an extension of the boosting algorithm and is
known for its efficiency and accuracy, making it widely applicable
across various domains. In the context of quantitative watercolor
remote sensing, XGBoost is primarily used to predict and estimate
water quality parameters of water (Krishnapuram et al., 2016;
Massari et al., 2018; Zou et al., 2021). In this study, we
implemented XGBoost using sklearn library for python with 100
decision trees in the ensemble and a 0.1 learning rate.

Random Forest (RF) is also an ensemble learning algorithm that
combines multiple decision trees for classification and regression.

Frontiers in Marine Science

This improves the robustness and generalizability of the model by
utilizing random sampling and feature selection to combine multiple
decision trees (Breiman, 2001; Verde et al., 2018; Shi et al., 2019).

2.6 Statistical indicators used for model
development, validation and test

This research model performance assessment metrics include
coefficient of determination (R2), root mean square error (RMSE),
mean absolute percentage error (MAPE), bias, and variance.

R® is a statistical measure used to assess the degree to which a
model fits the data. The formula is as Equation 2:

RP=1-—

SS @

SSR represents the sum of squares due to regression, and SS
represents the sum of squares.

The RMSE is a statistical measure that assesses the error
between predicted and true values in a model. The calculation
formula is as Equation 3:

RMSE = \/(% X E(Pocpred - POCtrue)z) (3)

The MAPE is a statistical measure that assesses the average
relative error between a model’s predicted and true values. The

)><100

Bias measured the overall error direction of the model. Variance

formula is as Equation 4:

Pocpred - POCtrue

4
P OCtrue ( )

MAPE:lXE(’
n

measures the sensitivity and volatility of the model to the samples.
The formulas for the bias and variance are as Equations 5, 6:
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1
Bias = — X E(Pocpred - Poctme) (5)
n

1
Variance = — x 3 (POCpyeg = POCiran)’ (6)
n

In the formulas above, n represents the number of samples,
POC,,eq represents the model’s predicted value, POCyy represents
the true value, POC,;,c., represents the mean predicted value, and X
denotes the summation.

3 Results and discussion
3.1 Feature selection

This study utilized factor and interaction detection in a
geodetector to select features for pre-model training. The
candidate features can be divided into three parts.

The first part comprises the apparent optical properties (AOPs)
and their mathematical combination. The AOPs is a product of the
interaction between the incident light flux inside the water and
the intrinsic optical properties of the water, which varies with the
distribution and intensity of the incident light field. These quantities
include downward irradiance (Ed), upward irradiance (Eu), water-
leaving radiance (LW), Rrs, and the diftuse attenuation coefficients
of these variables (Zaneveld and Mobley, 1995). In this study, the
diffuse attenuation coefficient (kd) at 490 nm from the MODIS
sensor was collected, as well as the Rrs at wavelengths of 412 nm,
443 nm, 469 nm, 488 nm, 547 nm, 555 nm, 645 nm, and 667 nm.
This encompassed the wavelength ranges of red, green, and blue
light. Based on the AOPs (mainly Rrs), this study combined band
ratios (red-green, red-blue, and blue-green), normalized difference
carbon index (NDCI), color index (CI), and band ratio difference
index (BRDI) as candidate features.

The second part consists of Inherent optical properties (IOPs),
which are solely related to the internal composition of water and do
not vary with changing illumination conditions. IOPs are typically
used to describe seawater’s absorption and scattering processes,
including the absorption, scattering, and attenuation coefficients of
various components within the water (Maritorena et al., 2010). POC
is an important component of organic particulate matter.
Therefore, this study used the backscattering coefficient of
particles (bbp) as a candidate feature.

The third part included other features that may be related to
POC, including sea surface temperature (SST), sea surface salinity
(SSS), Chlorophyll-a (CHL), suspended particulate matter (SPM)
concentration, euphotic zone depth (EZD), mixed layer depth
(MLD), and photosynthetically active radiation (PAR). These
parameters are closely related to marine biological activity and
the ocean carbon cycle. Spatial and temporal variations in
temperature and salinity directly and indirectly affect marine
plants’ and animals’ growth, reproduction, distribution, and
ecological functions. Chlorophyll concentration is an essential
indicator of plant biomass and photosynthetic activity in the
ocean. SPM reflects the concentration of particulate matter in
water, and the scattering and absorption effects of suspended
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particles on light can affect the conditions for photosynthesis and
growth of marine organisms. EZD and PAR are closely associated
with marine plants’ growth and photosynthetic activity. Changes in
MLD can cause variations in the distribution of different nutrients,
dissolved oxygen, and light, thereby affecting marine organisms’
distribution and ecological processes (Bopp et al., 2002; Sarmiento,
2006; Doney et al., 2009). These parameters were all considered
candidate features for training the model in this study.

The geodetector analysis was performed using the GD software
package developed by Song (Song et al., 2020). Because the
geodetector tool only accepts discrete variables as inputs, it is
necessary to discretize the continuous variables for analysis. The
GD package supports data discretization. This study used four
methods: equal intervals, natural breakpoints, quantiles, and
geometric intervals. The selected features were then subjected to
factor and interaction detection. The results of factor detection are
shown in Figure 3, whereas the results of interaction detection are
shown in Figure 4. In factor analysis, considering the important
influence of bbp on POC in other scholars’ research, and the weak
correlation between remote sensing reflectance in the purple band
and POC (Stramski et al., 1999; Tran et al,, 2019), we used a
threshold of q=0.3 for bbp to determine the strength of its
correlation with POC. Specifically, variables with q<0.3 are
considered weakly correlated with POC, while variables with
q>0.3 are considered strongly correlated with POC. Variables that
showed nonlinear attenuation in both factor and interaction
detection were excluded. NDCI and CI have two categories: one
based on 443 nm and the other based on 488 nm. The factor
detection results for these four features had q values greater than
0.3, indicating a significant impact on the POC. In interaction
detection, there was no nonlinear or single-factor nonlinear
attenuation with other factors. However, building a model using
two identical factors is not meaningful. Therefore, in this study,
NDCI (443) and CI (443) with lower q values were excluded from
the analysis. Finally, 20 variables were selected to train the POC
estimation model, and the results are listed in Supplementary
Table S2.

3.2 Machine learning methods
development and validation

3.2.1 Accuracy of the model on different datasets

The observed dataset was divided into training, validation, and
test datasets. These datasets were used for the machine learning
model training, hyperparameter tuning, and model performance
validation. Hyperparameter tuning was performed using Bayesian
optimization, as described by Shahriari and Swersky (Shahriari
et al., 2016).

In this study, the six trained machine learning models were divided
into two categories: BPNN, CNN, and ABNN, which are artificial
neural networks (ANN), whereas AdaBoost, RF, and XGBoost are
ensemble algorithms. These models can achieve high accuracy in
multivariate regression tasks and exhibit good fitting performance for
nonlinear functions. However, the large differences in data quantities
for mineral, mixed, and organic water in the dataset are unfavorable for
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model training. They may lead to an increase in model variance. To
enhance the generalization performance of the models, we applied a
logarithmic transformation with a base of 10 to both the observed and
estimated POC values. Table 2 shows the accuracy of the six machine
learning models in estimating the log;((POC) for the three datasets.
Bold accuracy indicators represent the best performance for the
corresponding dataset. Among the six models, the ensemble
algorithms outperformed the neural network algorithms. The RF
model achieved the best performance with an R? of 0.85, RMSE of
0.11 loglo(mg/m3), MAPE of 2.73%, variance of 0.09, and bias of 0.003
on the test dataset. This indicates that the RF model for estimating POC
has good fitting and generalization capabilities.

Normalized residuals were used to evaluate the fit of the statistical
model and detect outliers. By observing the distribution of the
normalized residuals, we can assess the model’s fit and identify
outliers, which can help improve the model or clean the data. The
normalized residuals of the predictions made by the six models on the
test dataset was calculated. Figure 5 shows a scatterplot comparing
the predicted and true values, where each point’s color represents the
normalized residual’s magnitude. It can be visually observed that the
BPNN performed the best among the neural network algorithms,
with a MAPE of 3.471%. Among the ensemble algorithms, the RF
performed the best. In contrast, the CNN, ABNN, and AdaBoost
algorithms have a relatively poorer fit than the other models, and they
have many data points with larger normalized residuals at high POC
concentrations. This indicates that these three models have lower

TABLE 2 Model accuracy on training, validation, and test datasets.

Dataset R? RMSE
BPNN 0.99 0.09
CNN 0.80 0.13
ABNN 0.78 0.14
Training
AdaBoost 0.78 0.14
RF 0.98 0.04
XGboost 0.95 0.07
BPNN 0.82 0.43
CNN 0.80 0.13
ABNN 0.77 0.14
Validation
AdaBoost 0.76 0.15
RF 0.87 0.11
XGboost 0.86 0.11
BPNN 0.79 0.14
CNN 0.78 0.14
ABNN 0.77 0.14
Test
AdaBoost 0.75 0.15
RF 0.85 0.11
XGboost 0.84 0.12

10.3389/fmars.2023.1295874

accuracy in estimating high POC concentrations. The BPNN,
XGBoost, and RF algorithms exhibited a better fit, and RF
performed well in predicting low and high POC concentrations.
This is related to the strong noise immunity of RF, which can
effectively reduce the effects of randomness and noise by means of
multiple training and averaging predictions (Breiman, 2001), thus
improving the robustness of the model and increasing the estimation
accuracy of the POC.

3.2.2 Accuracy of the model on different waters

To investigate the performance of the machine learning models in
estimating POC for different water types, 200 matched POC data
points belonging to mineral, organic, and mixed water were randomly
sampled from the observed dataset. These data points were used to
predict and assess the accuracy of the six trained machine-learning
models. Table 3 presents the performance of the models in estimating
log;o(POC) for the three water types. The bold indicators in the table
represent the best performance of each machine learning model in
estimating log;o(POC) for the three water types. It can be observed that
all six machine learning models performed best in estimating the POC
for mixed water. The RMSE is less than 0.1 loglo(mg/m3), the MAPE is
less than 4%, the variance is less than 0.008, and the absolute value of
the bias is less than 0.03. Figure 2 illustrates the significant differences in
the POC concentration distributions in mineral, mixed, and organic
water. These three water types represent low and high POC
concentrations, respectively.

MAPE Variance bias
2.45% 0.97 0.012
4.58% 0.09 -0.009
5.67% 0.09 0.029
5.56% 0.09 0.022
1.02% 0.09 0.0004
2.73% 0.09 0.003
3.27% 0.92 0.003
4.74% 0.09 -0.012
5.67% 0.09 0.029
5.76% 0.09 0.022
2.61% 0.09 -0.001
3.29% 0.09 -0.003
3.47% 0.08 0.004
4.77% 0.09 -0.006
5.53% 0.09 0.032
5.83% 0.09 0.025
2.73% 0.09 0.003
3.45% 0.09 0.0015

BPNN, Backpropagation Neural Network; CNN, Convolutional Neural Network; ABNN, Attention-Based Neural Network; RF, Random Forest; AdaBoost, Adaptive Boosting; XGBoost,
eXtreme Gradient Boosting; RMSE, Root Mean Square Error; MAPE, mean absolute percentage error.

Bold values represent the best performance for the corresponding dataset.
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FIGURE 5

Scatterplot comparing model predicted and true values, where the color of the points represents the magnitude of the normalized residuals. (A—F)
represent Backpropagation Neural Network, Convolutional Neural Network, Attention Neural Network, Adaptive Boosting, Extreme Gradient
Boosting and Random Forest, respectively.

TABLE 3 Model performance for particulate organic carbon estimation in mineral, mixed, and organic water.

Model RMSE MAPE bias

Mineral 0.16 4.78% -0.03 0.02

BPNN Mixed 0.07 1.53% -0.005 0.004
Organic 0.19 4.92% 0.08 0.03
Mineral 0.26 9.91% -0.17 0.04

CNN Mixed 0.09 3.62% -0.006 0.008
Organic 0.31 10.24% 0.19 0.06
Mineral 0.27 11.3% -0.19 0.04

ABNN Mixed 0.09 3.98% -0.03 0.007
Organic 0.32 11.14% 0.22 0.06
Mineral 0.25 11.33% -0.18 0.03

AdaBoost Mixed 0.08 3.83% -0.03 0.006

Organic 0.34 13.72% 0.28 0.036
Mineral 0.16 6.19% 0.06 0.02

RF Mixed 0.05 1.06% 0.006 0.002
Organic 0.09 4.67% -0.11 0.03
Mineral 0.17 5.80% -0.08 0.02

XGboost Mixed 0.04 1.76% -0.002 0.002
Organic 0.22 6.70% 0.13 0.03

BPNN, Backpropagation Neural Network; CNN, Convolutional Neural Network; ABNN, Attention-Based Neural Network; RF, Random Forest; AdaBoost, Adaptive Boosting; XGBoost,
eXtreme Gradient Boosting; RMSE, Root Mean Square Error; MAPE , mean absolute percentage error.
The bold indicators in the table represent the best performance of each machine learning model in estimating log10(POC) for the three water types.
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As shown in Table 3, except for the RF algorithm, the other five
machine learning algorithms had higher prediction accuracies for
mineral water than organic water, indicating that these five
algorithms performed better in estimating low POC values. The RF
algorithm had better estimation accuracy for organic water than
mineral water, indicating that the RF model can better estimate high
POC concentrations. Figure 6 normalizes the RMSE, MAPE, variance,
and bias metrics, allowing for a visual comparison of the performance
of each model for the three water types. The BPNN performed the best
in mineral water, RF performed the best in mixed water, and RF
demonstrated a significantly higher accuracy in estimating organic
water than the other models. In contrast, CNN, ABNN, and AdaBoost
performed relatively poorly for all three water types.

In summary, the six machine learning models had good
estimation performances for the moderate POC concentration
range represented by mixed water (30 mg/m>-100 mg/m’). The
BPNN achieved higher estimation accuracy for low POC
concentrations represented by mineral water (10 mg/m’>-30 mg/
m?®). In comparison, RE performed better in estimating high POC
concentrations represented by organic water (>100 mg/m?>).

3.3 Model application

3.3.1 Comparison with NASA's POC products in
space and time

This study compared global POC estimation products using RF
and BPNN and band-ratio algorithms in terms of spatial and
temporal analysis. The National Aeronautics and Space
Administration (NASA) has utilized the blue-to-green band ratio
algorithm to estimate POC concentrations in global oceans. This
algorithm used the ratio of Rrs(443nm) to Rrs(555nm) from
MODIS (Stramski et al., 2008). This study obtained NASA global
POC products from the NASA OCEAN COLOR, spanning 2007 to
2017, for spatial and temporal analyses. Products from 2007 to 2016
were used for interannual POC variation analysis, whereas products
from 2017 were used for spatial distribution analysis.

Figure 7 shows the spatial distribution of the global POC
concentrations estimated using the RF, BPNN, and NASA standard
POC product for 2017. Figure 7 shows that the spatial distributions of
POC concentrations estimated by the three algorithms were similar

RMSE
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AdaBoost

o o MAPE

bias bias
—@— ONN
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Variance

FIGURE 6
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worldwide. In global oceans, POC concentrations are mostly below
100 mg/m3 in the Atlantic, Pacific and Indian Oceans, but above 100
mg/m3 in the Arctic Ocean. Additionally, POC concentrations in
coastal waters were significantly higher than in open ocean waters,
because of the abundant land-based input of nutrients to coastal
waters, and the intense water mass movements that cause bottom
nutrients to be transported to the surface layer, which promotes
phytoplankton growth and increases the efficiency of POC
production (Lao et al., 2023b).

Figure 8 presents the deviation and percentage deviation of the
global POC concentrations estimated by the RF and BPNN compared
to NASA standard POC product. In the Arctic Ocean, the BPNN
estimated significantly higher POC concentrations than the NASA
standard POC product, with deviations exceeding 75 mg/m’ and
percentage deviations exceeding 50%. However, the RF algorithm
showed little deviation from the NASA standard POC product in the
Arctic Ocean, with some regions showing lower POC concentrations
of more than 50 mg/m” and a percentage deviation exceeding 30%. In
the Pacific, Atlantic, and Indian Oceans, the RF algorithm showed
minimal deviation from the NASA standard POC product, with the
Atlantic region having slightly lower POC concentrations and the
Pacific and Indian Oceans having slightly higher POC
concentrations. The deviation was less than 15 mg/m”> and the
percentage deviation was less than 40%. In contrast, the BPNN
exhibited lower POC concentrations than the NASA standard POC
product in the central Atlantic, central Pacific, and northern Indian
Oceans. Although the deviation was within 25 mg/m?, the percentage
deviation exceeded 50%, indicating that the BPNN can improve the
estimation of POC concentrations in part of the open ocean. In the
Antarctic Ocean, the RF algorithm and the BPNN estimated higher
POC concentrations than the NASA standard POC product, with a
deviation exceeding 50 mg/m’ and, in some regions, even exceeding
100 mg/m’, with a variance exceeding 50%. The NASA reference
product uses the blue-green band ratio algorithm, which only
considers Rrs and cannot effectively represent the influence of
water components such as chlorophyll on POC. In polar ocean, the
melting of glaciers increases the input of nutrient-rich water,
promoting the growth of surface phytoplankton, leading to
significantly higher chlorophyll-a concentrations compared to low-
latitude seas (Babin et al., 2003; Arrigo, 2005; Steinacher et al., 2008).
The RF and BPNN estimation models utilize Chl-a, which can

RMSE

®» MAPE bias MAPE

Variance

Variance

Radar plots of the performance of machine learning models for estimating particulate organic carbon in: (A) mineral water; (B) mixed water; (C)

organic water.
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FIGURE 7
The global POC concentration distribution in 2017, estimated using three algorithms: (A) band ratio, (B) backpropagation neural network, and (C)

random forest.
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FIGURE 8

Deviation and percentage deviation between the 2017 global POC concentration estimated by random forest and backpropagation neural network
algorithms and NASA's particulate organic carbon standard algorithm. (A) Deviation of the back propagation neural network from the NASA standard
algorithm for estimating POC. (B) Percentage deviation of the back propagation neural network from the NASA standard algorithm for estimating
POC. (C) Deviation of the random forest from the NASA standard algorithm for estimating POC. (D) Percentage deviation of the random forest from
the NASA standard algorithm for estimating POC.
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effectively reflect the relationship between Chl-a and POC. Therefore,
it is reasonable for RF and BPNN to exhibit certain differences from
the NASA reference product in polar ocean. Moreover, in the Persian
Gulf, Red Sea, and Arabian Sea, the RF algorithm showed
significantly higher results than the reference products, with a
deviation exceeding 100 mg/m> and a percentage deviation
exceeding 50%. These waters are strongly influenced by the
monsoon winds of the Indian Ocean, which cause upwelling of
deep water to the sea surface, promoting the mixing and transport of
nutrients. Additionally, certain areas may also be affected by nutrient-
rich water inputs from the Red Sea and the Persian Gulf, leading to
possible occurrences of eutrophication in some sea areas (Kumar
et al,, 2000). The abundant nutrients facilitate the growth of
phytoplankton in these waters, further promoting the production
of POC and resulting in elevated POC concentrations.

Overall, the BPNN performed better than the RF algorithm in
estimating open ocean POC concentrations. The RF algorithm
showed a minor difference from the NASA standard POC product
in the open ocean regions, with a percentage deviation of
approximately 20%. However, in some coastal areas, the RF
algorithm estimates higher POC concentrations than the NASA
standard POC product, which helps improve the underestimation
of POC concentrations by the band ratio algorithm in coastal waters.

Figure 9 shows the annual average variations in global POC
concentrations estimated by the NASA standard POC product, the
random forest (RF) algorithm, and the BPNN between 2007 and
2016. The annual average values estimated by the NASA standard
POC product range from 85 mg/m® to 100 mg/m”. In contrast, the
annual average POC concentrations estimated using the BPNN and
RF algorithm ranged from 60 mg/m® to 70 mg/m>. The average
percentage deviation of the BPNN from the NASA standard POC
product is 27.15%. In comparison, the RF algorithm has an average
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deviation of 25.33% from the NASA standard POC product. This
deviation can be attributed to two factors.

First, the NASA global standard POC product includes estimates
of POC concentrations in inland waters. Although inland waters have
smaller surface areas than oceans, they may have higher POC
contents. This is because inland waters are usually shallower,
making it easier for light to penetrate to the bottom of the water.
This promotes active photosynthesis and higher biological
productivity. At the same time, inland waters are influenced by
input substances, organisms, and human activities from land, such
as organic matter, nutrients, and pollutants carried by rivers, which
may result in relatively higher POC content (Yang et al., 2016). This
affected the average value of the NASA global POC product to some
extent. Second, POC concentrations can exceed 10,000 mg/m3
(Steinacher et al., 2008). The measured POC values collected in this
study range from 1.46 mg/m3 to 4743 mg/m3, and there are relatively
few measured points with high POC concentrations. This caused the
trained model to underestimate the values of high POC
concentrations. Combining these two factors, the machine learning
model estimates global average annual POC value is lower than the
average annual POC value in NASA’s standard POC product.

Figure 9 shows that, from 2007 to 2011, the global mean POC
estimated by the RF algorithm and the NASA standard product
increased. From 2011 to 2014, there was a slight decrease in global
mean POC; from 2014 to 2016, there was a subsequent increase. In
contrast, the BPNN estimated an increase in global POC from 2007 to
2009, a decrease from 2009 to 2013, and an increase from 2013 to
2017. Regarding the annual trends, the RF estimation of the global
mean POC showed better consistency with the NASA standard
product than with the BPNN, and the RF-estimated POC product
can be used to investigate the spatial and temporal trends in POC in
various global ocean areas.

Method
B rr
. Band Ratio
B s

Annual changes in global POC from 2007 to 2016 as estimated by the blue-to-green band ratio, backpropagation neural network, and random

forest algorithm
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3.3.2 Results of the random forest algorithm for
estimating global surface POC

The BPNN and random forest algorithm performed well in
estimating global surface POC concentrations. However, the
Random Forest algorithm provides a better estimate of POC in
coastal waters. This study estimated the global surface POC
concentration from 2007 to 2016 using the random forest
algorithm and discussed the variations in POC in different ocean
regions during this period.

Figure 10 illustrates the distribution of global surface POC
concentrations from 2007 to 2016, which indicates a consistent
spatial distribution of POC over the 10-year period. The global
biomass of zooplankton is higher in the coastal zone than in the

10.3389/fmars.2023.1295874

open ocean due to sufficient land inputs, abundant sunlight and
nutrient-rich currents. The distribution of surface POC is higher in
the coastal zone than in the open ocean. Figure 10 shows that
surface POC concentrations are significantly higher in nearshore
areas (e.g., the Arabian Sea, off China and off Angola) than in other
areas. Indeed, the distribution of surface POC concentrations is also
related to latitude. Figure 10 shows that high-latitude regions, such
as the Arctic Ocean, Antarctic waters, North and South Atlantic,
and North and South Pacific, have higher surface POC
concentrations than middle and low-latitude regions. This was
related to several factors.

First, nutrients provided by water transport have a significant
impact on the growth of phytoplankton (Sardessai et al., 2010; Xu
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FIGURE 10

(A-J) Represent global particulate organic carbon distribution from 2007 to 2016 estimated using the random forest algorithm.
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et al,, 2019; Lao et al., 2023b), including enhanced vertical mixing
(Lao et al,, 2023c), which directly affects the distribution of organic
matter content in the ocean (Yamashita et al., 2019; Wang
et al., 2021).

Water masses are more strongly mixed at high latitudes due to
cold water, glacial melt, polar eddies, and boundary currents, and
these fluid movements bring deep organic matter (e.g., dead
organisms and detritus) to the surface of the oceans, which
increases the organic content of the surface layer, enhances the
productivity of marine organisms, and increases the production of
POC. Secondly, high latitudes have relatively weak sunlight, especially
in winter. This limits the photosynthesis of phytoplankton. As a
result, they focus on growth and reproduction during the shorter
summer months, leading to higher surface POC concentrations
(Babin et al., 2003; Arrigo, 2005; Steinacher et al., 2008).

Figure 11 shows the results of classifying the POC products
estimated using RF into mineral water, mixed water and organic
water for the period 2007-2016. Mineral water is mainly found in
the Arctic Ocean, Antarctic waters, and regions between 20° and 40°
north and south latitudes. Mixed water is predominantly found in
equatorial regions and the North and South Atlantic and Pacific
waters. Organic water was distributed along the continental
margins. Although the POC concentration is higher in the Arctic
Ocean, intense ocean currents and glacial melting in polar regions
result in higher concentrations of suspended particles. This
classification implies that the Arctic Ocean region falls under the
mineral water category.

Fifty sampling points were selected from the three waters
mentioned above. POC concentrations at the sampling points
collected between 2007 and 2016 were extracted. The average
value of these 50 concentrations represented the average POC
concentration of the corresponding waters in the current year. A
line graph was plotted to examine the variations in POC
concentrations over time in different waters. Figure 12 shows that
the POC concentrations in the mineral and mixed water remained
relatively stable over the 10-year period. However, the POC

10.3389/fmars.2023.1295874

concentration in organic water decreased from 2009 to 2010,
increased from 2010 to 2012, and decreased again from 2015 to
2016. POC concentrations at the sea surface may be related to the El
Nifio phenomenon. El Nifio leads to an increase in the sea surface
temperature in the equatorial Pacific. The stratification of the water
column become more pronounced with the increase in sea surface
temperature, inhibiting the upwelling of deep eutrophic water to the
upper layers, thus affecting phytoplankton growth, which further
led to a decrease in primary productivity and a decrease in the
concentration of POC in the surface layer of the ocean.
Additionally, El Nifo can cause changes in wind patterns and
ocean circulation, which may alter the distribution of nutrients in
the ocean and affect phytoplankton (Chavez et al., 1999; Behrenfeld
et al., 2006; Dore et al., 2009; Lao et al.,, 2023b). Indeed, El Nifo
events in both 2009-2010 and 2015-2016 can partially explain the
variations in POC concentrations observed in organic waters, as
shown in Figure 12.

3.4 Limitations

This study compared the performances of six machine learning
algorithms in estimating POC on the ocean surface. The RF
algorithm improved the estimation of POC in areas with complex
optical conditions near the coast. A brief discussion was also
conducted on the spatiotemporal distribution of the global POC
based on RF. However, this study still has some limitations that
need to be addressed. These limitations are listed below:

1) The data collected were unevenly distributed in terms of
spatial coverage. Most data points are concentrated in the Atlantic,
Pacific, and Mediterranean Seas. There is a lack of sufficient
measured data in the Indian Ocean and the Arctic Ocean, as well
as in some eutrophic regions, such as the Red Sea, Arabian Sea, and
Persian Gulf. This can affect the accuracy of the machine-learning
model and result in an underestimation of POC concentrations in
areas with complex optical conditions near the coast. In the future,

POC/SPM

FIGURE 11

Distribution of mineral, mixed, and organic water according to particulate organic carbon/suspended particulate matter.
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Changes in annual mean values of mineral, mixed, and organic water sampling sites from 2007 to 2016.

more POC data should be collected on a global scale, and the
accuracy of the data should be controlled to improve the
model’s accuracy.

2) This study only produced annual POC products from 2007 to
2016. However, the POC exhibited strong seasonal variability.
Therefore, conducting monthly POC estimation in the future
would be beneficial, allowing for a more accurate investigation of
the spatiotemporal characteristics of global POC.

4 Conclusions

This article is based on a large amount of open-source data
and has created a large in-situ POC dataset distributed in
various oceans around the world. By using geodetector,
twenty factors closely related to oceanic POC concentration
were screened. The dataset was partitioned based on the POC/
SPM to ensure the training, validation, and test datasets had
similar data distributions. Six machine learning methods were
used to construct POC estimation models, with the accuracy
being evaluated. By comparing the performances of six different
machine learning models and their performances in different
water types, it was found that the random forest algorithm
achieved the highest accuracy on the test dataset. The RMSE was
measured at 0.11 logl0(g/m3), the MAPE was 2.73%, the
variance reached 0.09, and the bias was only 0.003. The RF
estimation of POC had the highest accuracy in organic waters,
and the BPNN had the highest accuracy in mineral waters.
Furthermore, the RF estimation results showed better
consistency with NASA standard products, thereby enhancing
the accuracy of POC estimation in optically complex seas. In
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future research, a high-precision POC estimation model should
be constructed based on a large amount of measured data in all
types of waters.

Based on the RF model, POC products from 2007 to 2017 were
generated, and the spatio-temporal distribution characteristics of
global POC during this 10-year period were investigated. The
results indicated that the POC concentration in high-latitude seas
was higher than that in mid-latitude and low-latitude seas. This
could be attributed to the strong fluid motions in high-latitude
regions, such as polar eddies and boundary currents, which
intensify the mixing of water masses and bring organic materials
from deeper layers to the ocean surface, thereby promoting the
growth of phytoplankton and increasing the concentration of
surface POC. Additionally, the El Nifio phenomenon may be
associated with interannual variations in POC, as higher sea
surface temperatures and increased seawater stratification during
the El Nino period reduce the upwelling of nutrients from the
seafloor, restricting phytoplankton growth and thus lowering the
concentration of POC in the surface layer. El Nifio events in both
2009-2010 and 2015-2016 can partially explain the variations in
POC concentrations observed in organic waters. In future studies,
seasonal-scale variations in POC should be investigated, and the
relevant drivers of changes in POC concentrations should be
studied in greater depth.
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