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Abstract. Seagrass meadows are critical coastal ecosystems that pro-
vide invaluable services: carbon sequestration, habitat for marine bio-
diversity, and shoreline protection, but they are declining at alarming 
rates. Recent studies estimate arround 29% global loss of seagrass cover 
since the 1700s and project large carbon emissions if this loss contin-
ues. Conventional monitoring methods struggle to capture these complex 
dynamics, motivating data-driven approaches. In this work, we develop 
an integrated machine learning framework for spatio-temporal modeling 
of seagrass health and biomass. We apply iterative imputation to han-
dle missing environmental data, and train both an XGBoost regressor 
and a stacked ensemble of ML models (Ridge, Random Forest, LGBM) 
on geospatial features. Model hyperparameters are tuned via the Tree-
structured Parzen Estimator (TPE), a Bayesian optimization technique 
that efficiently explores the hyperparameters. Our results show t hat the
optimized XGBoost model outperforms the ensemble across key seagrass
metrics, achieving superior accuracy in predicting biomass and produc-
tivity. We identify the most influential environmental drivers such as light
availability and water temperature through feature importance analysis,
providing actionable ecological insights. This enhanced predictive frame-
work, supported by a clear methodology flow, offers a robust tool for
proactive seagrass conservation and decision-making.
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1 Introduction 

Seagrass meadows are often called the “lungs of the sea” for their outsized role in 
marine carbon sequestration and biodiversity support [1]. These submerged flow-
ering plants occupy over 160,000 km. 

2 of coastal zones and store large amounts 
of organic carbon in sediments [2]. They provide nursery habitat for fisheries, 
stabilize shorelines, and sustain marine food webs [1]. However, mounting evi-
dence indicates accelerated seagrass loss worldwide. Since the mid-1700s, global 
seagrass coverage has decreased by approximately 29%, equivalent to around
51,000 km. 

2 [2]. In the Mediterranean basin alone, the endemic Posidonia ocean-
ica has lost an estimated 13–50% of its extent in recent decades [2]. 

These declines are driven by a range of anthropogenic stressors, including 
coastal development, pollution, eutrophication, and climate change impacts such 
as sea-level rise and marine heatwaves [1]. The loss of seagrass ecosystems has 
cascading effects on marine biodiversity, fisheries, and the global carbon cycle. 
Current estimates suggest that ongoing seagrass degradation may b e releasing
hundreds of teragrams of carbon per year back into the atmosphere [2]. These 
findings emphasize the urgent need for more effective monitoring systems and 
predictiv e tools to support seagrass conservation efforts.

Traditional monitoring approaches, including field surveys and remote sens-
ing, offer valuable insights but often fall short in capturing the full spatial and 
temporal dynamics of seagrass ecosystems. Many datasets remain sparse, het-
erogeneous, and incomplete [3]. Although recent advances in satellite imagery, 
such as Sentinel-2, and computer vision techniques have improved large-scale 
seagrass mapping, significant gaps and biases still limit their effectiveness [2]. 

Machine learning (ML) offers a powerful alternative by identifying patterns 
from complex and diverse data sources, including light availability, water temper-
ature, nutrient concentrations, and spatial context. Recent studies have demon-
strated high accuracy in seagrass classification and biomass prediction using 
ML algorithms. Moreover, hybrid models that combine ensemble learning with 
metaheuristic optimization have shown promise in forecasting habitat suitabil-
ity. Despite these advances, key challenges remain in handling noisy and missing
data and in translating model predictions into actionable ecological insights.

In this study, we propose a systematic machine learning framework for mod-
eling seagrass ecosystems. Our approach integrates several components: data 
preparation with robust imputation techniques for missing values; model training 
using both XGBoost regressors and stacked ensemble m ethods; hyperparameter
tuning through Tree-structured Parzen Estimation (TPE); and comprehensive
evaluation using predictive metrics such as coefficient of determination (R. 

2) 
and root mean square error (RMSE). Each stage of the pipeline is designed to 
enhance model accuracy, interpretability, and ecological relevance.

Through this integrated methodology, we aim to advance the use of machine 
learning in coastal ecosystem monitoring and provide a scalable, data-driven
approach for supporting the conservation of these vital underwater landscapes.
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2 Related Works 

Recent years have seen a surge in machine learning and remote sensing 
approaches for seagrass mapping and ecological modeling. Sentinel-2 and Land-
sat imagery combined with ML classifiers have enabled broad-scale seagrass den-
sity estimation, such as using Random Forest on satellite spectral data, with
promising accuracies [4,5]. In one study, Sentinel-2 data processed in Google 
Earth Engine and classified using Random Forest achieved a pproximately 87%
accuracy for mapping Caribbean seagrass extent [5]. Other work has leveraged 
UAV-acquired images with deep convolutional neural networks, particularly U-
Net architectures, to classify multiple seagrass species with high precision [6]. 
Hybrid modeling approaches are also emerging. A recent work, in [7], reviews 
numerous ML techniques applied to seagrass monitoring and highlights that 
ensem ble methods often improve generalization and robustness.

Despite these advances, a comparative examination reveals several trade-
offs. Deep CNNs can achieve fine-scale classification accuracy but require large
labeled datasets and high computational resources [6]. Simpler models, such as 
linear regression, are easier to interpret but often underperform due to the non-
linear nature of ecological data. Missing or sparse data continue to pose a major 
bottleneck. Many studies acknowledge the necessity of imputation or bias correc-
tion when working with incomplete global seagrass databases. The research gap
this study addresses is the integration of robust data imputation with advanced
ensemble learning models under a unified spatio-temporal framework.

3 Methodology 

The dataset used in this study is publicly available from [8]. It contains 6,658 
rows and 17 columns, capturing various attributes related to seagrass ecosys-
tems. The dataset includes both numerical and categorical variables, covering 
aspects such as geospatial location, biological properties, productivity, and struc-
tural characteristics. However, some features have significant gaps, with certain 
columns missing up to 90% of their data. To address these missing values, impu-
tation strategies will be employed, including methods such as filling based on
averages, interpolation, or other statistical techniques.

Our architecture is designed to transform raw ecological data from the sea-
grass database file into actionable insights for seagrass conservation. Figure 1 
provides an overview of our p aper’s architecture.

Our framework, illustrated in Fig. 2 proceeds through three main phases: 
Data Preparation, Modeling & Optimization, and Evaluation. The process is 
structured into several key phases, each contributing to t he overall goal of under-
standing and predicting seagrass health, biomass, and productivity.

We start with data Summarization and Analysis to examine spatial and 
temporal trends, categorize the data by bioregion and genus, and investigate 
patterns in missing data. This phase allows us to identify gaps and inconsistencies
in the dataset, providing a clearer understanding of the distribution and health
of seagrass ecosystems across various regions and time periods.
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Fig. 1. An overview of our wo rk’s architecture

Once the data is summarized and analyzed, we proceed to the Preparation 
phase. Where we address the missing values, encode categorical variables, and 
standardize numerical features. In this step, duplicate rows are removed, and 
any inconsistent or incomplete data is cleaned and r efined. To ensure quality,
we standardize numeric features and apply one-hot encoding to categorical vari-
ables. Temporal and spatial coverage is explicitly handled (Sect. 4). Crucially, 
missing values are addressed using an iterative imputation method. The impu-
tation iterates multiple passes over the data, refining the predicted values each 
round. We split the data into 70% training a nd 30% testing before imputation to
prevent information leak, then impute missing values separately on each split. As
shown in Sect. 6.1, this yields more realistic estimates than simple mean/median 
fill and leads to significant gains in predictive R. 

2. 
For regression, we evaluate a stacked ensemble and a single model approach. 

The stacked model comprises three base learners: Ridge Regression, Random 
Forest Regressor, and LGMBRegressor. This stacking models captures diverse 
patterns while mitigating i ndividual model biases. The XGBoost model is used
as a strong baseline due to its robustness on tabular environmental data.

We tune model hyperparameters using the Tree-structured Parzen Estima-
tor (TPE). In practice, TPE builds separate density estimates for the best-
performing (good) and worst-performing (bad) hyperparameters and then sam-
ples from regions likely to improve performance. This sequential approach effi-
ciently hones in optimal settings without exhaustive grid search. The objective
function is the coefficient of determination R. 

2 on a cross-validation split, and 
we run the optimization for each target metric. The t uned hyperparameters are
reported in Table 2. 

Model performance is assessed on the held test set using relevant metrics. We 
compare the stacked ensemble versus XGBoost: i n our experiments XGBoost
consistently achieves higher R. 

2 on total biomass and density (see Sect. 6.2). 
We also examine the effect of iterative imputation by comparing scores across 
different numbers of imputation iterations (see Sect. 6.1). Feature importances 
are extracted from the models to interpret ecological drivers: for example, light 
attenuation and water temperature emerged as top predictors of biomass, align-
ing with established ecological knowledge. All methodological steps above are
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directly linked to the results: e.g., Table 1 reports how imputation reduced error 
compared to naive filling, and Table 2 shows the final tuned hyperparameters 
and resulting improvements.
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Fig. 2. A detailed breakdown of our data architecture

4 Data Summarization and Analysis 

The aim of this section is to understand data limitations and ensure that sub-
sequent modeling efforts are based on consistent a nd high-quality inputs. The
main features of the dataset are summarized in the Table 1.
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Table 1. Summary of key attributes in the dataset

Attribute Type Description 
Latitude Numerical Location latitude 
Longitude Numerical Location longitude 
Bioregion Categorical Biogeographic classification 
Habitat Categorical Seagrass environment ty pe

Genus Categorical Seagrass genus classification

Year obs [a AD] Numerical Observation y ear

Seagr biom above [g/.m2] Numerical Above-ground dry b iomass

Seagr biom below [g/.m2] Numerical Below-ground dry b iomass

Seagr biom tot [g/.m2] Numerical Total dry biomass

Seagr shoot dens [#/.m2] Numerical Shoot density per m. 
2

Seagr cov [%] Numerical Percentage of area co vered

Seagr leaf dens [#/.m2] Numerical Leaf density per m. 
2

Seagr prod above [g/.m2/day] Numerical Above-ground daily pro duction

Seagr prod below [g/.m2/day] Numerical Below-ground daily pro duction

Seagr prod total [g/.m2/day] Numerical Total daily biomass p roduction

Seagr shoot prod [g/.m2/day] Numerical Daily shoot biomass p roduction

Seagr leaf prod [g/.m2/day] Numerical Daily leaf biomass p roduction

4.1 Data Summarization 

The dataset shows significant heterogeneity, with some columns missing between 
70% and 90% of their data like Seagr leaf dens, Seagr prod below dm and Seagr
shoot prod dm. In Fig. 3, we show the distribution of missing values across all 
columns in the dataset. Darker shades indicate a higher percentage of missing 
data. This heatmap illustrates that the majority of missing values are concen-
trated in the biological and environmental sections of our dataset, with the
highest concentration in the production section.

We also show, in Fig. 4, a bar plot the average proportion of missing data 
across different bioregions. We observe that the Temperate Southern region has 
the highest proportion of missing data, while the Temperate North Atlantic and 
Temp erate North Pacific regions show relatively lower but still significant pro-
portions of missing data.

Figure 5 presents the trend of missing data over time, from the early 1970s 
to around 2020. We see some clear periods of improvement, particularly in the 
late 1970s and late 1990s, where missing data dropped significantly. However,
there are also spikes indicating times when data completeness worsened.

Furthermore, the dataset includes geographical information through the Lat-
itude and Longitude columns, which pinpoint the locations of seagrass meadows. 
The Bioregion column classifies these locations into broader ecological regions
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Fig. 3. Heatmap of missing values in the dataset

such as the Mediterranean and Tropical Indo-Pacific. The dataset shows a sig-
nificant bias in seagrass distribution studies. The Tropical Indo-Pacific region is 
overrepresented, with over 1750 rows of data, compared to regions like the Tem-
perate North Atlantic, Temperate North Pacific,  and  Mediterranean, each with 
fewer than 1000 rows. In contrast, regions like the Temperate North Atlantic and
Mediterranean have fewer species.

4.2 Data Analysis 

As shown, in Fig. 6, a worldwide observation of the global distribution of seagrass 
across different bioregions. We find that regions with harsher weather conditions 
and poorer economic situations tend to have less seagrass. Environmental factors
also play a crucial role: for example, extreme cold, with temperatures consistently
below 0. 

◦C in shallow waters, can limit seagrass growth. This is because most 
species are better suited to temperate or tropical climates.

In Fig. 7, we show the distribution of seagrass in the Temperate North Pacific 
region, illustrating how challenging it is for seagrasses t o thrive in colder areas
where photosynthesis and growth are inhibited. Figure 8 presents the global dis-
tribution of total seagrass biomass. Darker areas indicate regions with minimal 
biomass. The Mediterranean Sea stands out, showing the highest total biomass, 
thanks to its warm climate and abundant sunlight, which offer ideal conditions
for seagrass growth. However, Fig. 9 reveals a nuanced picture that despite the 
high biomass in the Mediterranean, some areas exhibit low daily production,
likely due to nutrient limitations.
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Fig. 4. Average proportion of missing data by bioregion

In Fig. 10, we can observe that seagrass biomass is generally dominated by 
below-ground mass. However, in certain years: 1979, 2019, 2001–2005, and 2009– 
2016 we observe dramatic increases in above-ground biomass, sometimes reach-
ing up to three times higher than usual. We believe this could be due to a 
combination of environmental factors lik e water temperature, light availability,
and nutrient levels, along with human interventions such as restoration projects
and recovery efforts following disturbances [16,17]. 

Looking at Fig. 11, we present that the Tropical Atlantic region has the high-
est total biomass but relatively low production. This pattern is also evident in the 
Mediterranean, where high biomass doesn’t always correlate with high produc-
tivity, likely due to environmental stressors. On the other hand, in the Tropical 
Indo-Pacific, both biomass production and total biomass rank second highest 
among all bioregions, suggesting the region is in its peak development phase. 
In contrast, the Temperate North Pacific shows high production rates but low er
total biomass, indicating that it is still developing and has potential for future
growth. Finally, the Temperate North Atlantic, which has the lowest production
and biomass, is constrained by its harsh environmental conditions, including cold
temperatures and limited sunlight.

Lastly, Fig. 12 compares the structure of seagrass across bioregions, focusing 
on the ratio of shoot density to leaf density. In the Mediterranean, shoot den-
sity is, on average, 5.2 times higher than leaf density, making it unique in this 
regard. In other regions, leaf density dominates, with the Tropical Indo-Pacific
displaying the most extreme ratio, with 20 times more leaves than shoots.
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Fig. 5. Trend of missing data o ver time

Fig. 6. Seagrass observations accross bioregions

Fig. 7. Seagrass observations in the temperate north pacific bioregion
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Fig. 8. Total biomass distribution around the world.

Fig. 9. Total biomass production distribution around the world

Fig. 10. Proportional study of above/below ground seagrass mass by year
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Fig. 11. Distribution of total biomass b y bioregion

5 Data Preparation 

This section outlines the steps taken to clean, transform, and prepare the data, 
along with the rationale behind each step. The process includes data cleaning, 
encoding, handling missing values, standardization, and merging of datasets. 
First, in order to ensure consistency in the dataset, all string values were con-
verted to uppercase to avoid discrepancies during data processing and analysis. 
Second, all rows with missing values in the Year of observation column were
dropped. The duplicate rows were removed to ensure that the dataset does not
contain redundant information. We find in this datasat only 146 duplicate rows.
As mentioned in Sect. 3, the dataset contains categorical variables, like (Biore-
gion, Habitat,  and  Genus), we applied one-hot encoding to con vert these cat-
egories into binary vectors [9]. One-hot encoding is necessary because most 
machine learning library require numerical input, and categorical data cannot 
be directly used in these models. By creating binary columns for each category, 
one-hot encoding allows the model to interpret categorical data effectively. In the
description process of our dataset, we find that some data, such as the biomass
or leaf density columns, require normalization. We scale the data to center it
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Fig. 12. Seagrass structure comparison b y bioregion.

around 0 with a standard deviation of 1. For a given original feature . x,  the  
normalized version of . x is obtained using the follo wing transformation:

. x =
x − μx

σx
,

where .μx and .σx are the mean and the standard deviation of . x, respectively. 
The main challenge in this work is how to handle missing values, especially 
in biological and environmental features. Missing data can introduce bias and 
reduce the accuracy of model predictions. To address this, the first idea is to use 
a simple approach based on the median or the mean of the features. However, the 
main issue with this method is that, upon examining t he imputed values, we find
that some of them are located in places where they lack relevance or consistency.
For this reason, we employ a novel approach based on iterative imputation using
a Random Forest Regressor [10]. Random Forest Regressor can capture complex 
and nonlinear relationships between features. The imputation process refines 
imputed values by iterating over the dataset multiple times and we evaluated 
the model across a range of iterations. Furthermore, we split the dataset into a
70% training set and a 30% testing set before imputation, and we analyze the
resulting .R2 scores metric for each iteration. From our analysis of the .R2 scores, 
several key trends emerged. In the early iterations between 0 and 2, we saw
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significant improvement in performance for most metrics, particularly for Biom 
tot dm and Biom above dm, as the models began to establish better relationships 
with the data. Although some metrics fluctuated, the overall trend was one of
improvement.

As we progressed into the mid-range of iterations between 3 and 5, the . R2

scores for metrics like Biom above dm and Cover stabilized, while other met-
rics showed slight declines, which we interpret as possible signs of overfitting 
or a performance plateau. Despite these fluctuations, the overall improv ements
remained evident. On the other hand, production-related metrics such as Prod
total dm continued to exhibit inconsistency.

Beyond iteration 5, we observed that the .R2 scores for well-performing met-
rics either plateaued or showed slight declines, likely due to overfitting. For
production-related metrics, negative .R2 values persisted, signaling poor gener-
alization, and further iterations offered diminishing returns. This suggests that, 
after a certain point, additional iterations may no longer contribute meaningfully
to model improvement and could even detract from it.

Based on these findings, we conclude that early iterations (0–2) are important 
for enhancing model accuracy, while additional iterations beyond 5 provide only 
marginal improvements. After completing the above step, the training and test 
datasets were merged into a single dataset to obtain a 6502 non-null rows. This
datatset will facilitate the analysis and further modeling.

6 Modeling and Evaluation 

In this section, we present two algorithms to predict key seagrass metrics, like 
biomass, density,  and  production. We used the Stacked Model which is based 
on multiple three mo dels and the XGBoost model. The detailed architecture for
our data modeling is given in Fig. 2. Predictions steps were generated iteratively, 
with previously predicted variables serving as inputs for subsequent steps. This 
sequential approach leveraged the interdependencies between biomass, density, 
and production metrics, allowing the model to dynamically refine its predictions
and improve overall accuracy.

6.1 Stacked Model 

In the Stacking model, multiple machine learning algorithms have been used, in 
order to minimize individual biases and variances, resulting in improved general-
ization and robust performance. By integrating diverse models, stacking captures 
complex patterns within the data while minimizing the risk of overfitting, making
the predictions more reliable when applied to new datasets [11,12]. The stacked 
model follows a two-level hierarchical structure. At the first level, multiple base 
models are emplo yed to capture various aspects of the data. Specifically:

– Ridge Regression: Provides a linear approach with regularization to control
overfitting.
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– Random Forest Regressor: Provides robust predictions through ensemble deci-
sion trees with built-in feature importance.

– LGBMRegressor: Optimized for speed and performance, making i t suitable
for large datasets.

The predictions generated by these base models are then passed to the second-
level model, another Random Forest Regressor, which learns from the combined 
predictions to produce refined and accurate outputs. This layered architecture 
allows for an optimal fusion of individual model strengths, enhancing both accu-
racy and generalization. The overall process of stacking is illustrated in Fig. 13. 

Training 
Set 

Ridge Regressor 

RandomForestRegressor 

LGMBRegressor 

TrainingNew 
Training 

Set 
Meta 

Model Final Predictions 

1 

2 

3 

4 

Fig. 13. Stacking model architecture and process

The stacking procedure begin with training each base model independently 
on the training dataset. Their predictions were then used as inputs for the final-
level model, which aggregated the information and generated refined predictions. 
This hierarchical learning process allowed the final model to make more informed 
and accurate decisions. Given the interrelated nature of biomass, density,  and  
prod uction, predictions were performed iteratively. The outputs from previous
predictions were used as input features for subsequent steps, enabling the model
to learn from the evolving context and maintain dynamic adaptability.

6.2 XGBoost Model 

The XGBoost model is employed because it excels at capturing complex and 
nonlinear relationships in the data. XGBoost have a high performance and scal-
ability. It uses parallelized execution, making it significantly faster than many
other algorithms, especially for large datasets [13]. 

To enhance the predictive performance of the XGBoost regressor, we lever-
age the Tree-structured Parzen Estimator (TPE) as a hyperparameter optimiza-
tion technique [14,15]. TPE is a Bayesian optimization method that efficiently 
explores the hyperparameter space by modeling the distribution of the objective 
function. In this work, the objective o f the hyperparameter tuning process is to
maximize the coefficient of determination .R2 score, aiming to find the o ptimal
hyperparameters .θ∗ that satisfy: 

.θ∗ = arg max
θ

R2(θ),
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where .R2 = 1 −
n
i=1(yi − ŷi)2
n
i=1(yi − ȳ)2

, with .yi is true value of the target variables, . ŷi

is the predicted value from the model, . ȳ is the mean of the true values and . n
is the number of samples. The TPE algorithm models the posterior distribution 
of the objective function and splits the observations into two groups based on a
threshold score .y∗ . The probability model is formulated as:

. p(θ | y) =
l(θ) = p(θ | y ≥ y∗) (good hyperparameters)
g(θ) = p(θ | y < y∗) (bad hyperparameters)

Hence, we use the acquisition function .γ(θ) = l(θ)
g(θ) to guide the search by focusing 

on promising hyperparameters. Hyperparameters optimization was conducted 
for the XGBoost model across all metrics, revealing several key trends. The num-
ber of estimators (n estimators) ranged from 300 to 1500, with higher values 
often associated with production-related metrics such as Prod below dm and Leaf 
prod dm. The learning rate (learning rate) typically ranged between 0.01 and 
0.3, with lower rates used for metrics requiring finer adjustments, such as Shoot 
prod dm. The tree depth (max depth) varied from 5 to 15, with deeper trees often 
applied to complex metrics like Biom below dm and Prod below dm. Additionally,
higher regularization values (reg alpha and reg lambda) were used for metrics
prone to overfitting, such as Biom below dm and Shoot dens. These improved
optimized hyperparameters are presented in Table 2. 

Table 2. Optimized hyperparameters for k ey metrics

Metric n estimators learning rate max depth reg alpha 

Biom tot dm 800 0.05 7 0.1 
Biom below dm 1000 0.015 9 1.0 
Prod below dm 1000 0.201 9 0.5 
Shoot prod dm 500 0.01 6 0.2 

7 Results and Discussion 

We now present the main findings, discussing them in relation to prior work and
outlining their significance.

The predictive performance of both XGBoost and stacked ensemble models 
was evaluated across key seagrass metrics, including biomass, production, and
density. Table 3 presents the .R2 scores for each model before and after h yperpa-
rameter optimization.

The optimized XGBoost model consistently outperformed both the baseline 
XGBoost and the stacked ensemble across all metrics. After hyperparameter



Advanced Spatio-Temporal Modeling of Seagrass Meadows 231

Table 3. Comparison between XGBoost and stacked models across .R2 scores 

Metric XGB Optimized XGB Stacking Optimized stac king

Biom above dm 0.842 0.882 0.831 0.891 
Biom below dm 0.824 0.857 0.812 0.866 
Biom tot dm 0.921 0.973 0.918 0.968 
Prod below dm 0.913 0.975 0.907 0.963 
Shoot prod dm 0.902 0.962 0.915 0.956 

tuning, XGBoost achieved an .R2 score of 0.973 for total biomass (Biom tot dm), 
highlighting its effectiveness in capturing complex relationships within ecological 
data. Similar gains were observed for other k ey metrics: Prod below dm and
Shoot prod dm exceeded .R2 values of 0.96. In comparison, the optimized stacked 
model also showed competitive performance (e.g., .R2 = 0.968 for Biom tot dm), 
but slightly underperformed relative to XGBoost for below-ground biomass and 
production metrics. This reinforces the power of gradient boosting in mo deling
nonlinear dependencies, consistent with prior findings such as those by Bakirman
et al.

Hyperparameter optimization via the Tree-structured Parzen Estimator 
(TPE) significantly improved predictive performance, yielding an average . R2

increase of 4–6%. For Biom tot dm, the optimized XGBoost improved from 
0.921 to 0.973, a 5.6% gain. Notably, this tuning approach enhanced perfor-
mance by nearly 10% over X GBoost’s default parameters, demonstrating the
utility of Bayesian optimization methods in ecological modeling.

To assess the effect of iterative imputation, we analyzed how model perfor-
mance changed over successive rounds of MissForest. As shown in Table 4, early 
iterations (0–2) significantly improved .R2 scores for both models, particularly 
for biomass metrics.

Table 4. .R2 scores of XGBoost and stacking models a cross imputation iterations

Iterations Metric XGB .R2 Stacking . R2

0 Biom above dm 0.612 0.701 
0 Biom below dm 0.517 0.412 
0 Biom tot dm 0.981 0.978 
1 Biom above dm 0.538 0.619 
1 Biom below dm 0.390 0.552 
1 Biom tot dm 0.972 0.969 
2 Biom above dm 0.612 0.701 
2 Biom below dm 0.421 0.589 
2 Biom tot dm 0.981 0.978
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While the stacked model initially exhibited more stable behavior, it later 
became erratic–especially for production metrics such as Pr od total dm and Leaf
prod dm, occasionally returning negative .R2 values. In contrast, XGBoost showed 
initial variability but stabilized more consistently across iterations. Based on 
these observations, we selected XGBoost as the final model due to its superior 
accuracy, computational efficiency, stability, and interpretability. Notably, it han-
dled missing data more robustly and did not suffer from the extreme negative
.R2 values sometimes seen in the stack ed model.

Ecological interpretation of model outputs revealed that features such as 
the light attenuation coefficient (secchi depth), water temperature, and nutrient 
concentrations ranked highest in importance. These findings align with estab-
lished ecological theory and prior empirical studies, increasing confidence in our 
model’s ecological validity . Unlike earlier studies relying solely on remote sensing,
our approach incorporates in situ environmental data, enabling a more detailed
and biologically meaningful assessment of seagrass ecosystem health.

In summary, this study makes several important contributions. First, we 
demonstrate state-of-the-art predictive accuracy for global seagrass metrics by 
combining advanced machine learning models with rigorous imputation strate-
gies. Second, our feature importance analysis provides ecologically interpretable 
insights relevant to coastal monitoring and management . Third, the entire
pipeline–from preprocessing through model training and evaluation–is transpar-
ent and reproducible, supporting adoption in other geographic regions or future
datasets.

Nonetheless, some limitations exist. Not all relevant ecological drivers (e.g., 
localized pollution events, wave energy flux) are represented in the data, which 
may reduce performance for certain metrics. Geographic imbalances in sampling– 
particularly in tropical areas–could also affect generalization. Computational 
limits constrained the c omplexity of our ensemble and cross-validation scheme.
Future work could explore deep learning models with larger, balanced datasets
or leverage more computational resources to further enhance performance.

We also plan to incorporate new data sources such as bathymetry and 
satellite-derived chlorophyll time series, and to deploy the models in real-time 
environmental dashboards. Alternative imputation methods such as deep learn-
ing autoencoders may offer further robustness. Finally, linking our model outputs
to carbon emission scenarios could help quantify the global climate impacts of
seagrass decline, addressing the urgency highlighted in the Introduction.
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8 General Conclusion 

This work presents the effectiveness of machine learning techniques in predicting 
seagrass biomass and ecosystem health. We compared two models: an XGBoost-
based model and an ensemble model with optimized parameters. The optimized 
XGBoost model achieved the best performance, demonstrating its ability to han-
dle complex environmental data. Additionally, we employed an iterative imputa-
tion strategy, which proved effective in managing missing values and improving 
prediction reliability. To further enhance predictive accuracy, we plan to extend 
this work by exploring time series analysis to capture the temporal evolution of
seagrass meadows. Implementing Long Short-Term Memory (LSTM) networks
could improve predictions by incorporating past trends and seasonal variations,
enabling a more dynamic and real-time monitoring system.
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