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Highlights

e  NEE temporal dynamics of restored and natural mangrove forests were analyzed.

e Evaluated how different variable schemes and modeling approaches affected the
performance of NEE simulation.

e  High-resolution (30 m) regional mangrove NEE dynamics were simulated.

e A data-driven basis for improving blue carbon assessment, monitoring restoration
effectiveness, and supporting climate mitigation strategies in coastal ecosystems
was constructed.

Abstract

Mangrove ecosystems are important blue carbon systems and play a critical role in un-
derstanding carbon cycling and responses to climate change. However, accurate regional
estimation of Net Ecosystem Exchange (NEE) remains challenging due to the environmental
complexity and spatial heterogeneity. This study combined eddy covariance observations
from four mangrove sites along China’s southeastern coast (natural and restored mangrove
forests) with multi-source remote sensing and environmental reanalysis data to construct
three variable schemes (site observations only, with added vegetation indices, and com-
prehensive multi-source variables). We compared three machine learning models for daily
NEE prediction, including eXtreme Gradient Boosting (XGBoost), Random Forest (RF), and
Support Vector Machine (SVM). The results showed that: (1) Restored and natural man-
groves exhibited similar temporal NEE dynamics and consistently functioned as carbon
sinks, restored mangrove sites showed greater cross-site variability. Among the study sites,
CN-LZR exhibited the strongest cumulative carbon uptake. (2) Scheme 3 combined with the
XGBoost algorithm achieved the highest predictive accuracy, reaching an R? of 0.73 across
sites. Differences among machine learning models were primarily associated with their
ability to capture nonlinear interactions between atmospheric and hydrological variables,
with tree-based models outperforming SVM. (3) SHAP analysis indicated that radiation-
related variables were the dominant drivers of NEE, while hydrological influences were
site-dependent; and (4) Regional upscaling indicated that all sites consistently functioned
as long-term carbon sinks, with CN-LZR exhibiting slightly higher daily mean carbon
uptake than the other sites. This study presented the first machine learning framework for
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estimating daily-scale NEE in mangroves, providing methodological and data support for
regional carbon flux assessment and blue carbon management.

Keywords: mangrove ecosystems; net ecosystem exchange; eddy covariance; machine learning

1. Introduction

Blue carbon is recognized as one of the essential ways to mitigate climate change,
achieved through the conservation, restoration, and sustainable management of ecosystems
to enhance carbon sequestration and resilience [1,2]. The mangrove ecosystem is among the
most important coastal blue ecosystems. This ecosystem has a high capacity to store and
sequester carbon, even higher than that of terrestrial forest ecosystems [3,4]. However, the
alternating land-water conditions in mangrove environments introduce uncertainties to
carbon monitoring. Therefore, quantifying and understanding carbon fluxes in mangrove
ecosystems is critical for informing effective climate mitigation policies [5].

Net ecosystem exchange (NEE) quantifies the exchange of carbon dioxide between an
ecosystem and the atmosphere, representing the balance between ecosystem respiration
(RE) and gross primary production (GPP). GPP is the total carbon fixed by photosynthesis,
whereas RE encompasses the total carbon released through both plant and soil microbial
respiration. A negative NEE value indicates a net uptake of CO; from the atmosphere,
as NEE is defined as the difference between RE and GPP. NEE is commonly measured
at field sites using the eddy covariance (EC) system, which currently provides the most
accurate ecosystem-scale flux observations by calculating the covariance between high-
frequency vertical wind speed and fluctuations in carbon dioxide concentration [6,7].
Despite its accuracy, EC tower observations face several limitations. The land surface area
contributing to a single EC tower’s measurement typically extends only a few hundred
meters from the site, with its precise extent modulated by factors such as tower height, wind
direction, and canopy structure [8]. In a subtropical mangrove ecosystem, approximately
80% of the flux contribution originated from an area within 200 m of the tower [9]. To
satisfy the fundamental assumptions of the observational technique, installation sites must
exhibit relatively uniform and open environmental conditions. To meet the fundamental
assumptions of the EC technique, installation sites must exhibit relatively uniform and open
environmental conditions. The high costs and stringent site requirements of EC towers
limit their deployment, hindering the accurate estimation of regional-scale ecosystem
carbon budgets.

Accurate monitoring of NEE dynamics in coastal wetlands across spatial scales re-
mains challenging due to multiple factors. The carbon cycle in mangrove ecosystems
extends beyond soil-atmosphere exchanges and is strongly influenced by oceanic processes.
Environmental drivers such as tidal inundation introduce complex effects on carbon cycling.
Short-term measurements have shown that CO, (and CHy) fluxes from soil and stems
vary substantially with tidal cycles [10]. Tidal inundation can indirectly affect biogenic
carbon fluxes by influencing oxygen availability in surface sediments [11,12]. Many existing
terrestrial ecosystem data-driven approaches or data products have limited applicability in
mangrove ecosystems. Additionally, differences in structure and management between
artificial and natural mangroves may result in variations in carbon storage, photosynthetic
activity, and soil carbon accumulation [13-15]. As artificial mangroves play a critical role in
coastal restoration and blue carbon initiatives, their NEE characteristics require evaluation
relative to those of natural mangroves. Publicly available eddy covariance (EC) observa-
tions in mangrove ecosystems are extremely limited, primarily due to the technical and
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operational challenges posed by tidal inundation and dynamic hydrological conditions. For
instance, the widely adopted FLUXNET2015 dataset contains almost no mangrove EC sites.
However, the increasing accessibility of mangrove flux observations has facilitated the rapid
development of mangrove flux simulation studies. NEE integrates both photosynthetic
carbon uptake and ecosystem respiration, which introduces greater uncertainty into its
estimation. Most current research has focused on GPP, which is driven by photosynthetic
processes. For example, a Gaussian Process Regression model [16] applied to estimate GPP
achieved high accuracy (R? = 0.90, RMSE = 0.92 gC m~2 day!). A substantial research gap
remains in the investigation of NEE in mangrove regions, particularly using high-resolution
remote sensing data at the daily time scale.

There are several approaches to accurately estimating NEE at the regional scale, includ-
ing process-based modeling and data-driven machine learning. Process-based ecological
models simulate the transfer of carbon between the atmosphere and soils by explicitly
representing biophysical and biogeochemical processes. While these models offer strong in-
terpretability and process attribution, their regional application is often limited by complex
parameterization, high data requirements, and insufficient representation of hydrological
and tidal processes in mangrove ecosystems [17]. The mangrove-specific MCAT-DNDC
model [18] is driven by approximately 40 input parameters, including numerous vege-
tation physiological and soil biogeochemical variables that are difficult to obtain at the
regional scale. Alternatively, EC-tower-driven statistical or machine learning (ML) models
extrapolate site-level flux measurements by establishing relationships with remote sensing
and meteorological data. This approach has achieved R? values of 0.7-0.9 for NEE in
boreal forests [19]. Despite the increasing application of machine learning in ecosystem
carbon research, there is a lack of systematic evaluation of appropriate input variables for
ML-based NEE estimation in mangrove ecosystems.

Daily-scale NEE serves as a crucial link between instantaneous biophysical processes
and long-term carbon budgets, establishing a temporal foundation for integrating ma-
chine learning models with satellite data. Although machine learning methods effectively
capture nonlinear interactions among multiple NEE drivers, the relationships between
environmental drivers and NEE are dependent on the timescale. These relationships shift
with temporal aggregation as the relative contributions of photosynthesis, respiration, and
vegetation regulation vary, yet such variations in these drivers have rarely been examined
in mangrove ecosystems [20]. In particular, the variation characteristics of NEE and poten-
tial differences in its driving factors across temporal scales between artificial and natural
mangrove wetlands remain poorly understood. ML algorithms may exhibit different per-
formance when applied to predict the fluxes in vegetation ecosystems. A meta-analysis of
178 model records across 40 studies and multiple ecosystem types indicated that model
accuracy is strongly dependent on predictor selection, temporal and spatial scales, and data
quality [21]. The Extreme Gradient Boosting (XGBoost) model achieved higher estimation
accuracy than other ML methods for mangrove GPP [22]. Support vector machines (SVM)
and random forest (RF) achieved the highest average predictive accuracy [23] in water flux
prediction. Variability in model performance across studies has been reported, underscor-
ing the need for systematic model evaluation. Moreover, most existing mangrove NEE
studies rely primarily on site-level meteorological and flux measurements [20]. Limited in-
tegration of satellite-derived vegetation and environmental indicators restricts their spatial
applicability. Therefore, comparing different models and variable schemes is necessary to
improve understanding of time-scale-dependent drivers of mangrove NEE in both artificial
and natural ecosystems and to support NEE estimation by integrating satellite-derived
spatial information.
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There remains a significant research gap in integrating satellite remote sensing data
into machine learning-based mangrove NEE estimation for regional-scale applications that
consider mangrove ecosystem characteristics. This study aimed to address this research
gap by focusing on artificial and natural mangrove wetlands along the southeastern coast
of China and applying machine learning approaches to estimate and simulate site-scale
NEE over a 25-year period. Specifically, the study (1) compared temporal characteristic
environmental controls and NEE dynamics between two natural and two restored man-
grove sites to evaluate cross-site variability; (2) integrated remote sensing indicators with
coastal environmental variables to construct three modeling schemes and identify the opti-
mal machine learning framework for NEE prediction; and (3) applied the optimal model
for long-term regional upscaling and provide a reference for regional NEE estimation in
mangrove ecosystems.

2. Materials and Methods
2.1. Study Areas

This study was conducted across four mangrove sites in three coastal provinces of
southeastern China (Figure 1), comprising two restored and two natural mangrove sites.
Although all sites are estuarine, the mangrove ecosystems exhibit significant biological
variation in vegetation composition and canopy structure. Detailed site characteristics are
summarized in Table S1. From north to south, the study sites include:
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Figure 1. Study area and EC tower locations. The suffix “N” indicates natural mangrove sites,
and “R” indicates restored mangrove sites. From north to south, the sites are: Restored mangroves
in Aojiang County, Wenzhou City, Zhejiang Province (CN-AJR); Natural mangroves in Yunxiao
County, Zhangzhou City, Fujian Province (CN-YXN); Natural mangroves in Gaogiao Town, Lian-
jiang City, Guangdong Province (CN-GQN); and Restored mangroves in Leizhou City, Guangdong
Province (CN-LZR).

(i) Aojiang Restored Mangroves site (CN-AJR) is located in Aojiang County, Zhejiang
Province (27°34'58"N, 120°34/13"E), encompassing approximately 11 hectares. This
site represents the northern distribution limit of mangroves in China.

(i) Natural Mangrove site (CN-YXN) in Yunxiao County, Zhangzhou City, Fujian
Province is situated in the Zhangjiang Estuary Mangrove National Nature Reserve
(23°55'26.4"N, 117°24'52.9"E).

(iii) Natural Mangrove site (CN-GQN) in Gaogiao Town, Lianjiang City, Guangdong
Province, is located within Yingluo Bay at the northern edge of the Beibu Gulf
(21°34/3.05”"N, 109°45'22.32"E). The mangrove forest is characterized by its natu-
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ral, contiguous, and large-scale spatial distribution and is managed by Guangdong
Zhanjiang Mangrove National Nature Reserve. The mangrove stand at Gaogiao
Station has an estimated age exceeding 100 years.

(iv) Restored Mangrove site (CN-LZR) is located in Fucheng Town, Leizhou City, Guang-
dong Province (20°56'24”N, 110°09'44"E), where the mangroves extend along the
coast in a north-south direction. Planted in the 1990s, the stand surpassed 20 years of
age during the study period.

2.2. Datasets
2.2.1. Site Observation Data

Half-hourly NEE data and associated meteorological variables, such as air temperature
(TA) and photosynthetic photon flux density (PPFD), were compiled from publicly available
datasets across multiple EC sites [24,25]. Observational data from these EC sites were
processed using a standardized procedure. First, high-frequency (10 Hz) raw measurements
from open-path infrared gas analyzers were processed into half-hourly using EddyPro
software, following standard FLUXNET protocols [6,26]. Subsequent post-processing steps,
including low-turbulent filtering and gap-filling, were conducted using the REddyProc
package in R or its online tool [27]. This consistent post-processing methodology ensures
the comparability of publicly available EC datasets from different site studies. Table S1
provides detailed information on the CO, measurement instruments and versions of data
processing software (EddyPro) employed at each site.

The datasets cover the periods 20202022 for the CN-AJR site, 2009-2012 for the CN-
YXN site, 2015-2017 for the CN-LZR site, and 20092015 for the CN-GQON site [24,25].
For half-hourly observations, time stamps were first examined to ensure that each day
contained 48 half-hourly records. Missing records or values were identified and set to
NA. Observations that did not conform to variable definitions were corrected or excluded.
Negative nighttime values of photosynthetic photon flux density (PPFD) were set to zero.
Outliers for each variable were identified using a three-standard-deviation criterion (mean
£ 3 x SD). To reduce potential biases from data interpolation, only days with more than
46 valid half-hourly records were included in daily-scale aggregation. Water level (WL)
data were obtained from pressure gauges near the flux tower or from tide level stations
upstream of the estuary. Except for the CN-AJR site, WL observations at other sites were
available for only one to two years, and their temporal coverage did not fully overlap
with NEE measurements. To ensure consistency and data quality at the daily scale, daily
mean values were calculated only for days that met the minimum record requirement.
As a result, the number of available daily-scale records of NEE, TA, PPFD, and WL at
each site was as follows: 1009 for CN-AJR, 674 for CN-GQN, 215 for CN-LZR, and 321 for
CN-YXN. This dataset served as the foundation for the subsequent variable scheme, which
was implemented using only site-level observational data.

2.2.2. Remote Sensing—Based Index

Vegetation status and environmental dynamics at the study sites were characterized
using remote sensing-based indices. Image collections from Landsat 5, 7, 8, and 9 were
integrated into a unified Landsat dataset covering the period from 2000 to 2025. This
dataset used the Landsat Collection 2 Tier 1 Level-2 Science product, which has been
radiometrically calibrated and atmospherically corrected to ensure accurate, temporally
consistent surface reflectance across all sensors.

To improve data quality, cloud shadows, clouds, and snow-contaminated pixels were
identified and removed using the quality assurance bands included with the Landsat
products. Using the calibrated spectral bands, a suite of vegetation and water indices was
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calculated. Three widely used vegetation indices were selected to represent vegetation
conditions: the Normalized Difference Vegetation Index (NDVI), the Enhanced Vegetation
Index (EVI), and the Mangrove Vegetation Index (MVI). Additionally, three water-related
indices were employed to characterize hydrological and surface water dynamics: the
Normalized Difference Water Index (NDWI), the Modified NDWI (mNDWI), and the
Land Surface Water Index (LSWI). These indices provide complementary information on
vegetation vigor, canopy structure, and surface water conditions and have been exten-
sively applied for monitoring and assessing vegetation ecosystem changes over extended
temporal scales [28].

NDVI = %, (1)
EVI=25> QiR +6 xT{IeI:i_—I;de Blue + 1 @
MVI= (iR 6 >1<\I IIzI:d_ —G ;e;i Blue + 1 ®)
NDWI = % 4)

mNDWI = gi:‘l—lz‘xﬂz )

LSWI = % , 6)

For Landsat 5 and Landsat 7, the blue, green, red, near-infrared (NIR), and shortwave
infrared (SWIR) bands correspond to Bands 1, 2, 3, 4, and 5, respectively. For Landsat 8
and Landsat 9, the corresponding bands are Bands 2, 3, 4, 5, and 6. These bands were
consistently used to calculate vegetation indices (NDVI, EVI, and MVI) and water-related
indices (NDWI, mNDWI, and LSWI) across different Landsat sensors.

To generate a daily 30 m vegetation and water index time series with high temporal
resolution, MODIS MCD43A4 data, which provide daily observations, were integrated
with and bias-corrected using 30 m Landsat observations. A Savitzky—Golay (5-G) filter
with a third-order polynomial and a window size of 13 was applied to the MODIS index
time series to suppress residual noise and mitigate short-term temporal variability. The bias
correction was linearly interpolated to a daily resolution over the entire study period and
then added to the S-G smoothed MODIS indices, reconstructing a daily 30 m vegetation
and water index time series. The bias correction was performed using Landsat observations
as the reference, with 80% of the available Landsat data used for bias calibration and the
remaining 20% reserved for independent validation. The reconstructed NDVI achieved an
R? of 0.66 and a root mean square error (RMSE) of 0.16 during validation (Figure S1).

2.2.3. Regional Meteorological and Environmental Data

Meteorological and environmental datasets used in predictive modeling and regional
upscaling (Table S2) of NEE were mainly derived from the ERA5-Land reanalysis dataset,
the Hybrid Coordinate Ocean Model (HYCOM), and the Moderate Resolution Imaging
Spectroradiometer (MODIS) Terra and Aqua combined Photosynthetically Active Radiation
Level-3 gridded product (MCD18C2.062).

ERAS5-Land provides temporally consistent climate variables at an hourly temporal
resolution and a spatial resolution of 0.1° x 0.1° [29]. From this dataset, we extracted several
meteorological and land surface variables, including surface solar radiation downwards
(Rg), 2 m air temperature (Tair), soil temperature at level 1 (Tsoil), surface pressure (PA),
surface latent heat flux (LE), total precipitation, and leaf area index of high vegetation (LAI).
VPD and relative humidity (RH) were calculated from Tair and 2 m dew point temperature.
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In addition, photosynthetically active radiation (PAR) was obtained from the MODIS
MCD18C2 product, which provides global estimates at a 3-hourly temporal resolution and
a spatial resolution of 0.05° x 0.05° [30]. To account for marine and tidal influences on
mangrove ecosystems, sea surface temperature (Twater) and sea surface salinity (SSS) were
obtained from HYCOM, a data-assimilative ocean model that employs a hybrid isopycnal-
sigma-pressure coordinate system. The HYCOM data were obtained as a gridded product
on 0.08° x 0.08°,which was generated by using a bilinear interpolation from a native
Mercator-curvilinear grid [31]. A bias-based simple statistical downscaling approach was
applied to ensure spatial consistency with Landsat data at 30 m resolution under conditions
of limited data availability [32,33]. All gridded datasets were first resampled to 30 m using a
nearest-neighbor approach. The resampled values were then bias-corrected using site-level
available observations.

2.3. Site-Level Comparison and Temporal Correlation Analysis

To systematically evaluate the characteristics of ecosystem carbon fluxes across mul-
tiple sites, continuous half-hourly flux and meteorological observations from four sites
(CN-GQN, CN-LZR, CN-YXN, and CN-AJR) were integrated and analyzed using two
complementary aggregation strategies.

First, NEE were aggregated for temporal pattern characterization by using time as a cat-
egorical variable, including (i) mean diurnal cycles averaged across half-hourly clock-time
categories from 0.0 to 23.5 h, (ii) mean seasonal patterns based on day-of-year (DOY), and
(iii) annual cumulative fluxes. These analyses were used to compare temporal structures
and cumulative carbon exchange among sites.

Second, the half-hourly observations were continuously aggregated into hourly, daily,
and monthly time series based on predefined time labels. At each temporal scale, correlation
analyses were conducted to quantify how relationships between NEE and environmental
drivers changed with increasing temporal aggregation.

Four meteorological variables were included: PPFD, TA, VPD, and WL. Six vegetation
indices were considered: EVI, NDVI, MVI, LSWI, NDWI, and mNDWI. NEE served as the
primary response variable. In addition, exploratory analyses were performed to assess
correlation patterns across a wider range of temporal scales (1-200 days).

2.4. NEE Prediction Scheme

To explore the contributions of site-based observations, remote sensing indicators,
and reanalysis data to NEE prediction in mangrove ecosystems, three variable schemes
were developed. Three distinct variable schemes were constructed to assess the predictive
contributions of site-based observational variables (Scheme 1), site-based and satellite-
derived indicators (Scheme 2), and satellite-derived and reanalysis-based variable scheme
(Scheme 3) in NEE estimation. Three commonly used ML models, including XGBoost,
Random Forest (RF), and Support Vector Machine (SVM), were applied. Model performance
was evaluated at individual sites as well as across all sites to examine the potential for
cross-site generalization. Finally, NEE will be expanded across all sites, with the annual
spatial extent of mangrove forests delineated by the corresponding year’s 30m-resolution
mangrove mapping results (2000, 2010, 2015, 2020) [34]. For years without available
mangrove mapping data (e.g., 2005 and 2025), we employed manual interpretation to
update the regional mangrove distribution, using the most recent mangrove map and
the composite average imagery from the corresponding year. Manual interpretation is
a common approach for validating, modifying, and updating datasets based on existing
reference data [35].
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2.4.1. Variable Frameworks for NEE Prediction

Scheme 1 included site-synchronized meteorological and environmental variables for
NEE estimation. Scheme 2 was developed by extending Scheme 1 to include 30 m daily
vegetation and moisture indices derived from remote sensing data. A comparative analysis
between Scheme 1 and Scheme 2 provides a systematic assessment of the contribution of
remote sensing indicators to improve NEE estimation and enhance understanding of their
utility in capturing the spatiotemporal dynamics of mangrove carbon exchange.

Scheme 3 was developed based on the characteristic carbon cycling processes of
mangrove ecosystems and data availability, and integrates reanalysis-based meteorological
variables with satellite-derived observations for modeling and evaluation. Based on the
ecological features of the mangrove carbon cycle and data availability, variables influencing
mangrove carbon fluxes were grouped into four components [36-38]: atmosphere, land,
sea, and mangrove (Figure S2). Variables in the atmosphere and land categories are
broadly comparable to those commonly used in terrestrial ecosystem studies and primarily
represent controls related to radiation, temperature, and water availability. Vegetation
indices were selected as key mangrove variables because they provide measurable proxies
for photosynthetic activity, canopy structure, and plant water status [39]. Mangrove carbon
exchange is not only controlled by terrestrial conditions but also strongly influenced
by marine processes, particularly tides. Periodic tidal inundation changes salinity and
water temperature, which in turn exert indirect yet persistent effects on carbon fluxes.
To capture these effects, this study includes sea-related variables such as salinity, sea
surface temperature, and remotely sensed moisture indices, depending on the availability
of data [40]. The specific variables and valid data numbers included in each feature
scheme and their corresponding predictive performance across sites are summarized in
Tables 1 and S3-55.

Table 1. Description of feature schemes and associated variables.

Description of . Valid Day
Scheme Variable Set Variables Number

1009 for CN-AJR
Scheme 1 Only site-observed 4 Variable (PPFD, 674 for CN-GQN
variables TA, VPD, WL) 215 for CN-LZR
321 for CN-YXN
Be'lsed on Schgme 1, 10 Varlabll/es ) 508 for CN-AJR

with the addition of  (Scheme 1 + “EVI”,
" 7o 7 379 for CN_GQN

Scheme 2 reconstructed 30 m NDVI”, "MVI”,
. " "o . 156 for CN-LZR
daily-scale LSWI”, “NDWTI”, 191 for CN-YXN
vegetation indices “mNDWI”)

Based on the (Rz’i Zi‘f:g;sn 508 for CN-AJR
Scheme 3 comprehensive indices + statistifal 769 for CN-GQN
evaluation of summaries of 602 for CN-LZR
variables 987 for CN-YXN

reanalysis data)

2.4.2. Machine Learning (ML) Prediction Methods

To address the reported variability in performance among different ML approaches,
three widely used ML methods and variable schemes were systematically compared [41]:
XGBoost, RF, and Support Vector Machine (SVM). Five-fold cross-validation was employed
to evaluate the performance of these methods.

XGBoost is an ensemble learning algorithm based on the gradient boosting frame-
work [42,43]. In XGBoost, the model is trained by sequentially adding decision trees, where
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each newly constructed tree learns from the error information generated by the predictions
of the previous iterations. This process progressively corrects the model’s predictions.
For regression tasks, the final prediction is generated by an additive model that sums the
outputs of all individual trees. XGBoost incorporates parallel computation, regularization,
and sparsity-aware algorithms to balance prediction accuracy, computational efficiency,
and model generalization. In this study, key parameters in the XGBoost model were op-
timized, including the learning rate (eta), maximum tree depth (max_depth), minimum
child weight (min_child_weight), subsampling ratio (subsample), column subsampling
ratio (colsample_bytree), minimum loss reduction (gamma), and L1 and L2 regularization
terms (alpha and lambda).

RF is an ensemble learning algorithm based on the Bagging technique [44]. In RF,
multiple independent decision trees are constructed, each trained on a bootstrap sample
randomly drawn with replacement from the original training set. A random subset of
input features is used for node splitting during each tree’s construction, introducing double
randomness to the model training. For regression tasks, the final prediction is obtained by
averaging the predictive values of all constituent trees. By training decision trees in parallel,
reducing model variance, and incorporating feature randomness, RF effectively balances
predictive capability, computational efficiency, and generalization performance [45]. In
this study, key hyperparameters in the RF model were optimized, including the number of
trees in the ensemble (ntree), the number of candidate predictors randomly selected at each
split (mtry), and the minimum terminal node size (nodesize).

SVM is a classic supervised learning algorithm based on statistical learning theory
and structural risk minimization. SVM seeks to identify an optimal separating hyperplane
in the feature space that maximizes the margin between different classes. Kernel-based
methods are employed to address complex nonlinear problems, and the selection of dif-
ferent kernel functions enables adaptation to diverse data patterns. SVMs are particularly
suitable for large datasets and have been widely applied in various fields of data anal-
ysis. Key hyperparameters in the SVM model were optimized, including the penalty
parameter controlling the trade-off between model complexity and training error (cost),
the kernel width parameter governing the flexibility of the radial basis function (gamma),
and the epsilon-insensitive loss parameter defining the tolerance margin for regression
errors (epsilon).

All methods were implemented in the R environment (version 4.5.1). To ensure
comparability of model performance across different machine learning approaches, a
unified hyperparameter tuning procedure was adopted for all models. Initially, a set of
hyperparameters reported as robust in previous studies was used as a baseline, around
which a small-range grid search space was constructed for key parameters controlling
model complexity. Candidate parameter sets were generated by uniform sampling within
narrow intervals. When the parameter space was high-dimensional, a random subset of
parameter combinations was selected to balance tuning precision and computational cost.
Five-fold cross-validation was then employed to evaluate the performance of each candidate
parameter set, with the mean validation root mean squared error (RMSE) used as a unified
model selection criterion. Model-specific adaptations were applied: for XGBoost, an early
stopping mechanism was introduced during training to determine the optimal number
of boosting iterations; for Random Forest and Support Vector Machine, hyperparameters
were directly optimized based on cross-validation results. The detailed hyperparameter
configurations of each model are listed in Table S3.
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2.4.3. Model Performance Evaluation

Model performance was evaluated using multiple metrics calculated on the validation
set, including the coefficient of determination (R?), RMSE, and mean absolute error (MAE).
R? quantified the proportion of variability in observed net ecosystem exchange (NEE)
explained by the model, whereas RMSE and MAE measured absolute prediction errors
with differing sensitivity to outliers.

n L 32
R2 —1— Zi:l (Obsl predl> , (7)

" (obsi - %)2

1 n
RMSE = \/ng(()bsi - predi)z , ®)
1
MAE = ;2?:1‘(01751' — pred,)|, )

where obs; and pred; represent the i-th observed and predicted values, obs denotes the
mean of all observed values, and n is the total number of observations.

2.5. SHAP-Based Interpretation of Daily NEE Predictions

To understand the contribution of predictor variables to daily NEE estimates, we
employed the Shapley Additive Explanation (SHAP) framework in combination with the
XGBoost model. SHAP quantifies feature importance by decomposing model predictions
into additive contributions from individual predictors, where each SHAP value represents
the average marginal contribution of a given variable across all possible combinations
of the remaining features. This formulation provides a theoretically consistent means
of attributing both the magnitude and direction of each predictor’s influence on daily
NEE estimates, while effectively capturing nonlinear relationships and complex feature
interactions inherent in tree-based models.

The SHAP-XGBoost framework has been successfully applied in previous studies
analyzing carbon fluxes. In this study, SHAP analysis was implemented using the SHAP
for xgboost package in R, which follows the TreeSHAP principle to enable efficient and
exact computation of Shapley values by leveraging the internal structure of tree-based
ensemble models such as XGBoost. SHAP explains the predictive behavior of a trained
model rather than the underlying ecosystem processes directly; its reliable application for
feature contribution assessment requires a well-fitted model with satisfactory predictive
performance. Variable interpretation was therefore conducted on the final selected XGBoost-
based modeling scheme.

3. Results
3.1. Comparision of NEE at Different and Driver Analysis

NEE demonstrated distinct temporal dynamics and variability at hourly, daily, and
yearly scales (Figure 2). At the diurnal scale, the mean diurnal NEE curves of the restored
sites (CN-AJR and CN-LZR) were similar to those of the natural sites (CN-GQN and
CN-YXN). Both restored and natural forests exhibited consistent diurnal NEE patterns,
characterized by alternating positive and negative fluctuations during the photoperiod
and a peak in carbon uptake near noon. However, the restored sites showed markedly
larger inter-site variability and wider standard deviation ranges, whereas the natural sites
exhibited greater consistency. At the daily scale, mean NEE values of both restored and
natural sites were negative, indicating that both sites acted as a net carbon sink at the daily

2

timescale. NEE values generally fluctuated between 0 and —5 pumol CO, m~2 s~ !, with no
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pronounced seasonal variation observed in either restored or natural sites. Consistent with
the diurnal pattern, restored sites exhibited greater site variability in daily NEE compared
with natural sites. At the annual scale, the cumulative annual NEE values of all sites were
consistently negative, ranging from approximately —585 to —1213 ¢ C m 2 yr !, indicating
that both restored and natural mangrove ecosystems functioned as strong carbon sinks
throughout the observation periods. Consistent with patterns observed at diurnal and
daily scales, site variability in annual NEE was markedly greater among restored sites than
among natural sites. The restored mangrove sites encompassed both the strongest and
weakest annual carbon sinks observed in this study. These results indicate that restoration
types cannot fully explain the observed inter-site differences in annual NEE, implying
that other site-specific environmental or structural factors also play important roles in
regulating mangrove carbon sequestration.
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Figure 2. Temporal dynamics of NEE at hourly (diurnal), daily (DoY mean), and annual cumulative

time scales.

Across multiple temporal scales, NEE displayed a stronger correlation with PPFD
than with other environmental variables at both hourly and daily scales (p < 0.05;
Figures 3, 54 and S5). At the hourly temporal scale (Figure 3a), NEE showed strong and
consistently negative correlations with PPFD at all sites (R values range from —0.70 to
—0.82), indicating a dominant short-term control of incoming radiation on carbon exchange.
Moderate negative correlations with VPD were also observed, whereas correlations with air
temperature (TA) and water level (WL) were generally weak or non-significant, suggesting
limited linear influence on sub-daily NEE variability. At the daily scale, the strength of
the NEE-PPFD correlation declined relative to the hourly scale. With increasing temporal
aggregation to longer timescales, NEE remained predominantly negatively correlated with
PPED. In contrast, correlations between NEE and both TA and VPD reversed from negative
to positive at several sites. The coefficient of determination (R?) primarily reflects linear co-
fluctuation between variables. This limitation implies that conventional linear correlation
analyses cannot fully capture complex, nonlinear relationships among biophysical drivers
and NEE dynamics, supporting the need to apply machine learning approaches for a more
comprehensive and robust assessment.
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Figure 3. Pearson correlation coefficients (R) between four meteorological variables and NEE at
hourly and daily time scales. Black text indicates statistically significant correlations (p < 0.05),
whereas gray text indicates non-significant relationships.

3.2. NEE Estimations Across Different Schemes

Figure 4 illustrates the accuracy of different feature schemes (Scheme 1-Scheme 3)
across 3 machine learning methods, using integrated data from all sites for training.
Scheme 3 consistently exhibited superior predictive results across all models, with standard
deviations more closely aligned with the observed values. Analysis of AllSites training
results reveals that model performance differences are most evident in the ability to capture
variation amplitude. In particular, the XGBoost model demonstrated standard deviation
characteristics most similar to the observed data under feature Scheme 3.

Subsequent single-site modeling with the XGBoost model demonstrated that Scheme 3
generally provided greater explanatory power than Scheme 1 across all sites, with R? values
typically ranging from 0.67 to 0.78 for a single site (Table S4). These findings suggest that
incorporating a broader set of environmental and ecological variables improves NEE predic-
tion performance. However, at sites where NEE showed a stronger daily-scale association
with meteorological drivers, Scheme 3 performed slightly worse than Scheme 2. For in-
stance, at the CN-YXN site, Scheme 2 achieved an R? of 0.72, compared to 0.68 for Scheme 3.
At such sites, predictive accuracy could be achieved using only the basic meteorological
variables in Scheme 1, as indicated by R? values of 0.55 at CN-LZR and 0.63 at CN-YXN.
In contrast, at sites where basic meteorological variables were insufficient to explain NEE
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variations, such as CN-GQN (R? = 0.36) and CN-AJR (R? = 0.35), integrating vegetation
indices and energy-related variables substantially improved the model’s explanatory power
and enabled more accurate simulation of NEE diurnal variations.
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Figure 4. Taylor diagram of observed and predicted NEE across all sites for (a) different models and
feature schemes, along with scatter plots of XGBoost performance under (b) Scheme 3, (c) Scheme 2,
(d) Scheme 1. The blue dashed line represents the 1:1 line, indicating perfect agreement between
observed and predicted values, while the red solid line indicates the linear regression fitted between
the observed and predicted NEE.

3.3. Importance of Predictive Features

Based on Scheme 3, the integration of the XGBoost model with the SHAP method
(Figure 5) revealed both consistent and site-specific differences in the importance of envi-
ronmental variables for predicting NEE when comparing single-site and All-Sites datasets.
Since SHAP values indicate the relative contribution of variables within a specific model,
their absolute magnitudes are not directly comparable across models. Therefore, the com-
parison focuses on the relative ranking of variable importance across different models. In
both single-site and All-Sites models, radiation-related variables (PAR and Rg) ranked
among the most important predictors across all data combinations. This finding indicates
that radiation conditions play a stable and dominant role in regulating ecosystem carbon
flux variability. The SHAP distributions for radiation variables display both positive and
negative values, reflecting a pronounced nonlinear relationship with NEE. Under different
environmental conditions, radiation can either enhance carbon uptake or act as a limiting
factor. Under the AllSites model, factors following radiation variables in importance in-
clude LAIL Although its specific ranking position varies across sites, LAl is identified as a
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key variable in all models, indicating that vegetation structural state plays a stable role in
regulating NEE variation.
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Figure 5. Feature importance and contributions to NEE predictions based on SHAP values for
XGBoost under Scheme 3.

The ranking of secondary importance variables shows marked differences between
sites, suggesting that climate and hydrological factors exert distinct regional influences on
NEE. The importance of temperature and hydrological variables varied more markedly
across sites. For instance, at the CN-YXN site, the Tair ranked relatively high in importance,
significantly higher than at most other sites. This result aligns with the NEE-temperature
relationship revealed by site-scale statistical analyses. In contrast, at some restored forest
sites, hydrological variables ranked relatively higher, reflecting the modulating effect of
local hydrological conditions on NEE variation. These findings indicate that the influence
of climatic and hydrological variables on NEE does not follow a uniform ranking pattern
but varies across site environments. While radiation and vegetation structure serve as key
response variables, temperature and hydrological factors primarily manifest as site-scale
modulators of NEE, with their relative importance significantly influenced by local climatic
conditions and hydrological environments.

3.4. Regional Upscaling of NEE

Given the current lack of regional-scale estimates for mangrove NEE based on high
spatial resolution data, this study trained a model using all site data to achieve regional
mangrove NEE estimates at a 30 m spatial resolution (Figure 6). Using the mangrove
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distribution areas surrounding each flux observation site as experimental regions, combined
with the AllSites dataset and the XGBoost model from Scheme 3, high-resolution predictions
of regional-scale mangrove NEE were conducted. Figure 6 displays the annual-scale daily
average NEE predictions for mangroves surrounding each site during the period 2000-2025.
Considering the planting time of mangroves at the CN-AJR site, regional NEE estimates
were only calculated for 2020 and 2025. Regional results from the AllSites-trained model
indicate that, on an annual average scale, mangroves across all study areas exhibit a stable
carbon sink state, consistent with site-scale flux observations. Spatial variations in regional
NEE averages persist across sites. The CN-LZR site consistently exhibits higher absolute
daily NEE values than others, aligning with its higher annual cumulative carbon uptake
observed in EC measurements. Regional results indicate that as mangrove distribution
expands and patch integrity increases, the simulated average regional carbon sink values
also rise, suggesting mangrove ecosystems possess greater carbon sink potential under
more complete spatial patterns.
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Figure 6. Regional NEE prediction based on Scheme 3 and the XGBoost model trained using data
from all sites. Natural sites: CN-GQN and CN-YXN; Restored sites: CN-LZR and CN-AJR.

4. Discussion
4.1. Temporal Dynamics of Mangrove NEE and Differences Among Sites

Mangrove NEE exhibited distinct patterns across temporal scales. At diurnal scale,
NEE exhibited a pronounced U-shaped diurnal pattern, driven by the dynamic balance
between photosynthesis and ecosystem respiration. At night, the absence of radiation
suppresses photosynthetic carbon assimilation, while respiration continues, resulting in net
CO; release (positive NEE). After sunrise, increasing photosynthetically active radiation
enhances canopy photosynthesis, rapidly shifting NEE from positive to negative values.
This U-shaped diurnal pattern is widely observed across terrestrial ecosystems, includ-
ing terrestrial forests, grasslands [46—49]. At daily scale, NEE exhibited weak seasonality,
consistent with long-term (approximately three- and ten-year) eddy covariance observa-
tions in mangrove ecosystems [20,50]. As the key component of carbon fluxes, GPP and
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Reco, exhibited synchronous seasonal variations, both generally increasing during summer,
which resulted in no significant seasonal change in NEE. However, it should be noted that
NEE showed much more pronounced differences between the wet and dry seasons. The
difference in NEP (net ecosystem productivity) between wet and dry seasons was primarily
driven by seasonal contrasts in PAR and hydrothermal conditions, with stronger radiation
effects in the wet season and greater soil moisture constraints in the dry season [51,52].
These results underscore the importance of considering appropriate temporal resolution
when investigating ecosystem carbon exchange.

At diurnal scale, the U-shaped daily curves (Figure S5) showed that peak carbon
uptake followed the order CN-LZR > CN-GON ~ CN-YXN > CN-AJR. A similar ranking
pattern was also observed in the annual cumulative carbon balance. These patterns suggest
that restoration status alone is not the dominant factor underlying the observed differences
in NEE among sites. Instead, vegetation structural characteristics play a more dominant
role in regulating carbon exchange capacity. For example, a two-year eddy covariance
study of mangroves in Florida, USA, reported maximum daytime NEE values ranging from
—20 to —25 mmol CO; m~2 s~ ! between March and May, substantially higher than the

2 5~1 gbserved in the

annual mean daytime value of approximately —10 mmol CO; m~
present study. The Florida site had an average canopy height of 15-20 m [53], comparable to
that of CN-LZR (18 m), and its annual cumulative carbon balance was similar to that of CN-
LZR (NEP of 1170 g C m~2 yr~! in 2004). A semi-arid Rhizophora mangrove ecosystem in
New Caledonia had a maximum canopy height of only about 2 m [54]. At this site, daytime
NEE reached only —10.7 pumol m~2 s~!, and annual carbon uptake was approximately
73.8 g C m~2, markedly lower than that observed at taller-canopy sites. The differences in
carbon uptake among plantations and between plantation and natural temperate conifer
forests were primarily driven by stand-level physical and physiological attributes [55], such
as stand age and tree density. These comparisons suggest that site-to-site differences in
mangrove carbon exchange are more strongly linked to vegetation structure and canopy
development than to restoration status alone. These findings also suggest that restored
mangroves can achieve carbon sequestration potentials comparable to those of natural
mangrove forests when structural development is sufficient.

4.2. Performance of Different Model Variable Schemes

Scheme 3 achieved the best overall performance when trained on the integrated dataset
from 4 sites, demonstrating that incorporating a more comprehensive set of predictors
improved NEE estimation. To further examine the robustness of this variable scheme,
principal component analysis (PCA) was applied to reduce the predictors to 10 components,
which were then used to retrain the XGBoost model on the All Sites dataset (detailed
model information in Table S5). Although performance declined (R?> decreased from
0.73 to 0.62), the compressed model still outperformed Scheme 2 (R? = 0.53). The better
performance of Scheme 3 can be attributed to its representation of the coupled atmospheric
and hydrological regulation characteristic of mangrove ecosystems. Although machine
learning studies specifically targeting mangrove NEE remain limited, related research on
mangrove GPP has demonstrated the importance of incorporating coastal environmental
variables. Zheng et al. showed [40] that integrating tidal inundation and salinity-related
stress factors significantly improved mangrove GPP estimation accuracy. These findings
indicate that the improved performance of Scheme 3 is not merely a consequence of
increasing predictor quantity, but rather results from incorporating ecosystem-specific
regulatory mechanisms that are essential for accurately representing mangrove carbon
dynamics. Process-based models developed for mangroves need to explicitly consider the
process-related impacts of tidal dynamics or salinity stress [18,56].
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When direct environmental drivers were relatively weak at the site level, Scheme 2
showed a distinct improvement in predictive performance, demonstrating that remote
sensing variables provided complementary explanatory information to meteorological fac-
tors. Previous studies have shown that integrating satellite-derived vegetation indicators
significantly enhances the explanatory power of machine learning models for carbon flux
or water flux estimation in coastal salt marshes [57], dry lands [58], agricultural crops [59].
Differences in species composition and canopy structure are reflected in systematic varia-
tions in vegetation spectral signatures [60]. The maximum seasonal NDVI values reached
0.78 £ 0.10 for R. mangle and 0.68 £ 0.07 for A. germinans, demonstrating clear interspecific
variation in NDVI under sustained long-term observation [52]. These results highlight the
effectiveness of integrating vegetation indicators in carbon flux modeling, particularly in
ecosystems where structural and functional variability plays a critical regulatory role.

In addition to variable design, comparative studies using FLUXNET data have shown
that XGBoost and Random Forest can both accurately simulate site-level NEE, but XGBoost
often achieves higher computational efficiency and is more feasible in terms of accuracy
and efficiency [61]. Global analyses employing 11 machine learning methods across four
algorithm classes revealed systematic differences in predictive performance among algo-
rithms for different carbon flux components, with prediction accuracy ascending from net
ecosystem exchange (R? < 0.5) to gross primary production (R? > 0.7) [62]. In machine
learning modeling of carbon fluxes, the selection of ML algorithms is also a critical con-
sideration, particularly when NEE prediction is more challenging. The AllSites training
results with 3 ML methods revealed that they yielded standard deviations closest to the
observations in Scheme 3. This may be attributable to the gradient boosting framework of
XGBoost, which iteratively corrects residual errors and inherently prioritizes the extreme
values that govern variability amplitude. De Canniere et al. demonstrated that XGBoost is
a robust tool for integrating multi-source data [63], as a capability essential for using eddy
covariance data to evaluate remote sensing-based flux estimates.

4.3. Site-Specific Differences and Consistency in Variable Importance

The importance of hydrological and meteorological variables varies significantly across
different sites, indicating that mangrove ecological processes exhibit high sensitivity to local
environmental conditions. For example, salinity ranges vary substantially among man-
grove regions. For example, mangroves in Mai Po (Hong Kong) [64] typically experience
relatively low and fluctuating salinity conditions (0.7-18.3 ppt) due to strong freshwater
influence, whereas mangroves in Florida are exposed to higher salinity levels ranging from
approximately 15 to 39 ppt [65]. Such regional differences in salinity regimes are ecologi-
cally significant, as mangrove inundation tolerance has been shown to be inversely related
to salinity concentration [66]. In addition, different mangrove species exhibit varying levels
of tolerance to temperature. Kandelia obovata is a relatively cold-tolerant mangrove species
and has been used in restoration efforts near the northern limit of mangrove distribution in
China. In contrast, Bruguiera gymnorrhiza is strongly affected by chilling stress and is there-
fore typically restricted to lower-latitude regions [67-69]. Consequently, the northernmost
site CN-AJR is dominated by cold-tolerant mangrove species. Therefore, differences in
species composition and local environmental regimes may modulate ecosystem sensitivity
to specific drivers, leading to the site-specific patterns of variable importance identified in
this study.

It should be noted that since SHAP values reflect the marginal contribution of features
to prediction outcomes under specific models and data distributions, the absolute values
of SHAP across different sites or models are not comparable. Therefore, SHAP analysis
in this study primarily serves to identify the importance ranking and relative hierarchical
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structure of variables within the same model. It further assesses the commonalities and
differences in control mechanisms by comparing the frequency of occurrence and ranking
consistency of key variables across different sites.

SHAP analysis also revealed the importance of different variable factors used in the
study for NEE simulations. Radiation-related variables exhibited the highest importance
across all sites. This radiation-driven control has also been confirmed in independent
site-based eddy covariance studies of mangrove ecosystems [70]. This result aligns with
the theory of light energy utilization efficiency, which states that GPP is primarily deter-
mined by the available photosynthetically active radiation and the efficiency of converting
absorbed light energy into fixed carbon [71]. Physiological studies of red mangrove (Rhi-
zophora mangle L.) have shown that exposure to high salinity and elevated solar irradiance
(e.g., 1000 pumol photons m~2 s~! PAR) can lead to a sharp decline in carbon assimilation
rates, accompanied by significant reductions in stomatal conductance [72]. Site-specific
models capture local characteristics more precisely, whereas the integrated AllSites model
incorporates diverse environmental conditions to build a more generalizable representation
of mangrove carbon dynamics. Despite substantial site-to-site variability in environmental
controls, the FLUXCOM framework [73,74] employed a machine learning-based model
trained across diverse vegetation types and climate zones, with variables primarily driven
by remote sensing and meteorological data, demonstrating that this cross-site upscaling
approach is feasible and has become a dominant empirical practice for global carbon flux
estimation.

4.4. Limitations of Mangrove NEE Prediction and Future Insights

Although current research has made significant progress in estimating mangrove
Net Ecosystem Exchange (NEE), certain limitations remain, which also point to important
directions for future improvements:

Future studies should incorporate additional mangrove sites representing a greater
diversity of geomorphic and climatic conditions worldwide. The dataset compiled in this
study includes four mangrove sites distributed along the coastal zone of China, encompass-
ing both restored and natural mangrove forests. These sites span the primary latitudinal
range of mangrove distribution in China (approximately 18-28°N) and include locations
near the northern distribution limit of mangroves [75]. However, mangrove typology
globally is diverse, including deltas, estuaries, lagoons and Open coast [76]. These settings
differ markedly in sediment supply, hydrodynamic energy, and elevation dynamics. And
there are also mangrove regions with relatively arid climates [52,77]. Although we have
integrated existing site data as comprehensively as possible for model training, expanding
the mangrove eddy covariance monitoring network and promoting the sharing of longer
time-series data will be crucial for further improving prediction effectiveness in the future.

The variable Schemes applied in this study were based on significant direct or indi-
rect mechanistic influences on NEE, which have been demonstrated in existing terrestrial
and mangrove forest tower site observations. These variables are typically measured con-
currently with EC tower installations, at half-hourly or daily time scales. There remain
numerous environmental variables worthy of further exploration and assessment in future
analyses. For instance, sediment budget (e.g., accretion and erosion) plays a critical role in
mangrove ecosystem functioning. Mangroves are generally adapted to gradual, continuous
sedimentation processes, which help offset sea-level rise by maintaining surface eleva-
tion [78,79]. Sediment dynamics can potentially influence NEE through multiple pathways,
including changes in soil redox conditions, nutrient availability, root aeration [80]. These
variables, constrained by conventional measurement techniques, are typically assessed at
interannual to decadal temporal resolutions. This temporal resolution is fundamentally
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mismatched with the half-hourly to daily time scales of eddy covariance NEE observations,
which explains why sediment budget variables have yet to be coupled with NEE obser-
vations in mangrove flux tower studies. Future research could address this limitation by
deploying continuous sediment monitoring devices co-located with EC towers or by devel-
oping robust remote sensing-based proxies for sedimentary dynamics. Such integration
would allow sediment budget indicators to be progressively incorporated into predictive
NEE schemes, enabling more mechanistically integrated blue carbon assessments under
accelerating sea-level rise and climate change.

At the daily scale, datasets that offer long-term continuity and temporally consistent
coverage at fine spatial resolution are relatively scarce. Specifically, coarse-resolution mete-
orological forcing derived from reanalysis products (e.g., ERA5-Land) was resampled to
30 m to match the Landsat-based predictors. However, the relationship between regional-
scale atmospheric variability and fine-scale vegetation heterogeneity remains uncertain,
and the extent to which this spatial mismatch affects NEE estimates has not been fully
quantified. This scale mismatch may introduce spatial aggregation effects and associated
uncertainties in regional NEE estimates. This limitation primarily reflects current data avail-
ability constraints. Although alternative reanalysis products exist, few datasets provide
the combination of hourly temporal resolution, multi-variable completeness, long-term
continuity, and spatial coverage required for consistent daily-scale modeling across all
study regions. As a result, coarse-resolution meteorological forcing remains a practical
necessity in regional applications [22,81]. Future research could incorporate high-resolution
meteorological station interpolation datasets and regional radiation products, particularly
those with temporal resolution comparable to ERA5, to conduct comparative analyses and
explicitly quantify the uncertainty introduced by spatial resampling. Such efforts would
help improve the spatial consistency and robustness of mangrove NEE simulations.

Future research could attempt to integrate process-based models as constraints and
combine dynamic machine learning methods to achieve site-adaptive NEE estimation.
Although the regional extension model constructed in this study reflects common char-
acteristics and differences among different sites, it still has limitations in capturing the
unique hydrological or temperature responses of individual mangrove ecosystems. In
addition, the daily 30 m remote sensing indices used in this study were reconstructed
from multi-source datasets, and although site-level validation demonstrated reasonable
performance (R2 = 0.66; RMSE = 0.16 for NDVI), uncertainties associated with temporal in-
terpolation and cloud-induced data gaps remain. Mangrove regions are frequently affected
by persistent cloud cover, which limits the availability of valid high-resolution observations.
The reconstruction approaches adopted here—linear interpolation from 8-day 250 m and
500 m products and harmonic curve fitting using the HANTS algorithm—are commonly
applied in previous studies [22,57,81], but their performance may vary across regions and
environmental conditions. Process-based models can generate more mechanistic input
datasets by incorporating parameters such as vegetation type and tree height. In addition to
carbon cycle models, hydrodynamic models can also help capture site-specific water level
variation characteristics based on historical observation data, thereby improving model
performance. Therefore, introducing process-based models can not only enhance simula-
tion capabilities but also support mechanistic projections of the impacts of future climate
change on mangroves. In future work, with the continuous accumulation of various man-
grove flux observation data, information on mangrove species and types can be encoded
to construct more representative datasets. Future large-scale simulations could further
integrate spatiotemporal data fusion algorithms to generate spatially continuous daily
remote sensing datasets, thereby reducing reliance on interpolation-based reconstruction
methods and improving spatial consistency. This, combined with process-based models
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and dynamic machine learning models, can improve simulation accuracy for different
mangrove ecosystems. Additionally, multi-source data such as spaceborne LiDAR could
be integrated to achieve more accurate regional-scale estimates of mangrove NEE. The
incorporation of LIDAR-derived canopy structural metrics significantly improved GPP esti-
mation [82], increasing the coefficient of determination (R?) from 0.79 to 0.91 and reducing
the root-mean-square error (RMSE) from 1.77 to 1.14 g C m~2d-L

5. Conclusions

This study systematically evaluated the applicability of ML approaches for estimating
daily-scale NEE in mangroves using multi-site EC observations and multi-source remote
sensing data, and revealed the dominant drivers of carbon exchange across different tem-
poral and spatial scales. The NEE of mangrove ecosystems exhibits multi-temporal scale
characteristics, with differences primarily influenced by structural features such as canopy
height. Moreover, artificially restored mangroves also demonstrate significant carbon
sequestration potential. Integrating multi-source predictive variables with the XGBoost al-
gorithm effectively enhances the estimation accuracy of mangrove Net Ecosystem Exchange
(NEE). Furthermore, feature importance analysis reveals that the model successfully cap-
tures common environmental and ecological driving signals dominant across different sites.
This study presented the first systematic regional-scale characterization of mangrove NEE
spatiotemporal dynamics, demonstrating that a multi-scale, multi-variable ML framework
effectively complements previous GPP-focused research. The findings would advance the
quantitative understanding of mangrove blue carbon function and provide a practical basis
for regional to global mangrove carbon budget assessments.
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Abbreviations

The following abbreviations are used in this manuscript:

NEE Net Ecosystem Exchange

RE Ecosystem Respiration

GPP Gross Primary Production
NEP Net Ecosystem Productivity
EC Eddy Covariance

ML Machine Learning

RF Random Forest

SVM Support Vector Machine
XGBoost eXtreme Gradient Boosting

R Pearson Correlation Coefficients
R? Coefficient Of Determination
RMSE Root Mean Square Error

MAE Mean Absolute Error

SHAP Shapley Additive Explanation

CN-AJR Restored Mangrove Site In Aojiang County, Zhejiang Province

CN-LZR Restored Mangrove Site In Leizhou City, Guangdong Province

CN-YXN  Natural Mangrove Site In Yunxiao County, Zhangzhou City, Fujian Province
CN-GON  Natural Mangrove Site In Gaogiao Town, Lianjiang City, Guangdong Province
MCD18C2  Photosynthetically Active Radiation Level-3 Gridded Product

TA Air Temperature

PPFD Photosynthetic Photon Flux Density
VPD Vapor Pressure Deficit

WL Water Level

HYCOM Hybrid Coordinate Ocean Model
MODIS Moderate Resolution Imaging Spectroradiometer
Rg Surface Solar Radiation Downwards
Tair 2 M Air Temperature

Tsoil Soil Temperature At Level 1

PA Surface Pressure

LE Surface Latent Heat Flux

LAI Leaf Area Index Of High Vegetation
RH Relative Humidity

PAR Photosynthetically Active Radiation
NDVI Normalized Difference Vegetation Index
EVI Enhanced Vegetation Index

MVI Mangrove Vegetation Index

NDWI Normalized Difference Water Index
mNDWI Modified NDWI

LSWI Land Surface Water Index

NIR Near-Infrared

SWIR Shortwave Infrared

S-G Savitzky-Golay Filter
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