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A B S T R A C T

Mangrove forests are critical blue carbon ecosystems yet remain underrepresented in national 
carbon accounting frameworks due to persistent data gaps at fine spatial scales. This study pre
sents a regionally focused, operationally reproducible remote sensing and machine learning 
framework to map mangrove extent and estimate above-ground biomass (AGB) across western 
and central Sarawak, Malaysia. Open-access Sentinel-1 C-band SAR and Sentinel-2 multispectral 
data were fused with extensive field inventory data from 245 plots to develop classification and 
regression models using the eXtreme Gradient Boosting (XGBoost) algorithm. While L-band SAR 
offers known advantages for high-biomass estimation, such datasets were not freely or consis
tently available for the full temporal and spatial coverage required; the chosen C-band–optical 
fusion maximises accessibility, repeatability, and integration into regional monitoring workflows. 
The mangrove extent map, generated at 10 m resolution, achieved an overall accuracy of 88.8%, a 
Cohen's Kappa of 0.776, and an AUC of 0.960. The predicted mangrove area totalled 1078.7 km2, 
with 83.8% exhibiting very low classification uncertainty. For AGB, model performance was 
quantified using held-out predictions to avoid optimistic bias; out-of-fold cross-validated pre
dictions across all plots (n = 245) yielded R2 

= 0.72, RMSE = 28.59 Mg ha− 1, MAE = 20.80 Mg 
ha− 1, and Pearson's r = 0.85. Monte Carlo simulations (n = 100) confirmed the model's stability, 
yielding RMSE = 26.25 ± 1.33 Mg ha− 1 and R2 = 0.783 ± 0.023 (evaluated on held-out pre
dictions within each iteration). Species-level AGB analysis revealed the highest mean biomass in 
Rhizophora mucronata (102.1 Mg ha− 1) and the lowest in Bruguiera parviflora (74.5 Mg ha− 1). 
SHAP interpretation identified canopy height, NDVI, VH backscatter, and elevation as the most 
influential predictors. This accessible, fused, and interpretable modelling framework provides a 
scalable solution for national carbon inventories, including annual emission-factor refinement 
and spatial change-detection grids, while supporting targeted mangrove conservation and 
restoration under REDD+ and other climate initiatives.
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1. Introduction

Mangrove forests are among the most ecologically and economically valuable coastal ecosystems, providing shoreline protection, 
sediment retention, water purification, habitat provision, and substantial carbon storage capacity (Sahputra et al., 2022; van Hespen 
et al., 2023; Khan et al., 2024). In Southeast Asia, mangroves are particularly extensive and biologically diverse, representing the 
largest regional share of global mangrove cover (Arjasakusuma et al., 2021; Ihinegbu et al., 2023). Malaysia, and Sarawak specifically, 
hosts some of the most structurally complex and carbon-rich mangrove systems in the region, making it a priority area for conservation 
and carbon monitoring (Abdul Aziz et al., 2015; Wolswijk et al., 2020). This regional importance is directly linked to blue carbon 
accounting because mangrove above-ground biomass (AGB), together with below-ground and soil carbon pools, contributes sub
stantially to coastal carbon stocks and climate-mitigation planning (Aye et al., 2022; Monga et al., 2022). Mangroves across Southeast 
Asia continue to face pressure from aquaculture expansion, infrastructure development, and land-use conversion (Malik et al., 2022; 
Pesiu et al., 2022). In some regions, mangrove loss has exceeded 30% over recent decades, reducing coastal resilience and releasing 
previously stored carbon (Richards et al., 2020). Sarawak's mangrove belts remain relatively extensive, but increasing development 
pressure highlights the need for systematic monitoring to support land-use policy, conservation planning, and carbon reporting 
(Pandey et al., 2024). Traditional mangrove inventory remains valuable at plot scale, yet it is constrained by labour requirements, 
limited spatial coverage, and difficult access in wet intertidal environments (Chien et al., 2024; Sheehy et al., 2024; Soeprobowati 
et al., 2024). Remote sensing therefore offers a scalable route for repeated mangrove extent and AGB assessment across large 
coastal landscapes (Liu et al., 2024; Rahman et al., 2024).

Advances in remote sensing, particularly freely available Sentinel-1 synthetic aperture radar (SAR) and Sentinel-2 optical data, 
have improved mangrove monitoring by providing high spatial resolution and frequent revisit intervals (Li et al., 2020; Mehmood 
et al., 2024a). Sentinel-2 imagery provides spectral information for vegetation indices sensitive to canopy greenness, moisture con
dition, and biochemical properties (Anees et al., 2025a, 2025b). Optical observations alone, however, are often limited by persistent 
cloud cover in tropical regions. Sentinel-1 C-band SAR complements optical imagery by providing day–night, all-weather observations 
that are sensitive to canopy structure, surface moisture, and vegetation roughness (Ghorbanian et al., 2021; Cherian and Rajitha, 2024; 
Ghosh and Behera, 2021). When used together, Sentinel-1's structural sensitivity and Sentinel-2's spectral richness can improve 
mangrove extent mapping and biomass estimation over single-sensor approaches, with machine-learning models such as Random 
Forest and XGBoost commonly reporting strong classification and AGB prediction performance (Barenblitt et al., 2024; Hu et al., 2020; 
Huang et al., 2022). Ghorbanian et al. (2021), for instance, achieved high mangrove classification accuracy using multi-temporal 
Sentinel-1 and Sentinel-2 data, while the Global Mangrove Watch project used ALOS PALSAR and optical time series to generate 
global mangrove extent products (Bunting et al., 2018, 2022). Longer-wavelength L-band SAR remains advantageous for high-biomass 
mangroves because of deeper canopy penetration and reduced saturation, but freely available and temporally consistent L-band 
coverage was not available for the full spatial and temporal requirements of this study. The present work therefore develops an 
operational Sentinel-1 C-band and Sentinel-2 fusion framework that prioritises open access, reproducibility, and practical integration 
into regional monitoring systems.

Multi-temporal and multi-source remote sensing data are increasingly processed through cloud-based platforms such as Google 
Earth Engine, enabling efficient handling of large image collections for mangrove change detection and annual monitoring (Mehmood 
et al., 2024b, 2024c). Such workflows support reporting under REDD+, the Sustainable Development Goals, and national conservation 
programmes by identifying mangrove extent, degradation patterns, and restoration priorities (Shahzad et al., 2025). Beyond extent 
mapping, AGB estimation benefits from combining dual-polarisation Sentinel-1 backscatter, VV/VH ratios, backscatter trans
formations, and GLCM texture metrics with Sentinel-2 red-edge, NIR, SWIR, vegetation, and moisture-sensitive indices (Arthur Endsley 
et al., 2020; Sainuddin et al., 2024; Liu et al., 2024). Optical indices such as NDVI and red-edge vegetation indices correlate with 
canopy vigour but may plateau in dense, high-biomass stands (Anees et al., 2025c, 2025d). SAR predictors, particularly dual-polarised 
C-band and longer-wavelength L-band observations, add structural and moisture-related information that improves the representation 
of mangrove stand variability (Gegiuc et al., 2018; Karvonen et al., 2022). Lucas et al. (2020) showed that integrating Sentinel-1, 
Sentinel-2, and ALOS-2 improved biomass estimation across tall and scrub mangroves. Building on this evidence, the present study 
focuses on the practical value of a fully open Sentinel-1/Sentinel-2 framework rather than dependence on less consistently available 
L-band or airborne LiDAR data. This distinction is important for Sarawak, where operational carbon monitoring requires datasets that 
can be repeatedly acquired, processed, and updated at regional scale.

Machine-learning methods are increasingly used to estimate AGB from remote-sensing predictors because they can model 
nonlinear relationships within high-dimensional datasets (Liu et al., 2021; Xiong et al., 2024; Muhammad et al., 2025). Ensemble 
models, including Random Forest and Gradient Boosting, have shown particular value in biomass modelling. XGBoost has demon
strated strong performance in mangrove environments, with Pham et al. (2020) showing that models trained on fused SAR-optical data 
outperformed alternative algorithms for AGB prediction. Its compatibility with feature-importance and SHAP-based interpretation also 
allows the ecological contribution of spectral, radar, texture, topographic, and structural predictors to be examined more transparently 
(Fan et al., 2024). In this study, XGBoost is not used only as a predictive algorithm; it is embedded within an interpretable modelling 
framework that combines C-band SAR, optical indices, texture features, ancillary variables, field-measured AGB, model uncertainty 
assessment, and SHAP-based explanation. This combination distinguishes the framework from Sentinel-based studies that focus mainly 
on classification, use limited field calibration, or report model accuracy without detailed predictor interpretation. High-resolution AGB 
maps generated through such integrated approaches are crucial for blue carbon accounting, monitoring, reporting, and verification 
under climate frameworks. In Sarawak, where mangroves overlap with expanding human development, fine-scale AGB information is 
particularly important for restoration planning, land-use decisions, and coastal resilience assessment.
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Despite substantial progress in mangrove mapping and biomass estimation, important gaps remain in Malaysian Borneo. Sarawak 
contains extensive and structurally diverse mangrove systems, but local-scale AGB estimation using integrated Sentinel-1, Sentinel-2, 
field inventory, and machine learning remains limited. Many Southeast Asian studies focus on Indonesia, Vietnam, or Peninsular 
Malaysia, while global products may not adequately capture Sarawak's local variation in canopy structure, species composition, and 
biomass density. The contribution of this study lies in developing a regionally calibrated, open-data, and interpretable C-band–optical 
fusion framework for both mangrove extent mapping and AGB estimation in Sarawak. This study addresses the gap by: (1) producing a 
10 m-resolution mangrove extent map for Sarawak using fused Sentinel-1 and Sentinel-2 data; (2) developing an XGBoost-based model 
to estimate AGB from multi-source satellite and ancillary predictors; and (3) evaluating model reliability through held-out prediction, 
uncertainty analysis, sensor-branch comparison, and SHAP-based interpretation. The results provide a practical baseline for blue 
carbon accounting and support evidence-based mangrove management in Sarawak.

2. Methods and materials

2.1. Study area

The study was conducted in the coastal and deltaic lowlands of western and central Sarawak, Malaysia, covering an area defined by 
the geographic extent of 109.54◦E to 112.16◦E longitude and 0.98◦N to 2.86◦N latitude. This region encompasses a network of 
estuarine and riverine landscapes where widespread mangrove forests are ecologically prominent (Fig. 1). Administratively, the area 
encompasses key coastal districts, including Kuching, Lundu, Bau, Samarahan, Asajaya, Simunjan, Pusa, Kabong, Sarikei, Sibu, Daro, 
Matu, Tanjung Manis, and Maradong. These districts span Sarawak's southern and central coastal zones and are recognized for their 
extensive mangrove belts, supported by sediment-rich river deltas and sheltered shorelines. (Khan et al., 2025). The terrain is 

Fig. 1. Study area in western and central Sarawak, Malaysia. SRTM v3 elevation (30 m) with hillshade forms the base. Administrative district 
boundaries are overlaid, and mangrove extent is shown as a discrete class. District names indicate focal zones for mapping and biomass estimation. 
The inset locates the study area within Malaysia.
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predominantly flat and low-lying, with mangroves restricted mainly to elevations below 20 m. Combined with high annual rainfall and 
tidal influence, these conditions provide an optimal habitat for diverse mangrove assemblages. (Kanniah et al., 2015; Phua et al., 
2023). However, the region is increasingly exposed to land-use transformation, aquaculture development, and coastal infrastruc
ture expansion, all of which threaten mangrove stability and their carbon storage potential. The selection of this area is grounded in 
both ecological relevance and conservation urgency. Sarawak contains the most significant proportion of Malaysia's mangrove forests, 
making it a priority zone for biomass monitoring and habitat protection (Alam et al., 2012; Lestari et al., 2024). By focusing on this 
region, the study aims to map mangrove extent and estimate above-ground biomass using a fused remote sensing approach, 
contributing to national efforts in blue carbon accounting and sustainable coastal ecosystem management.

2.2. Field data collection

2.2.1. Reference data for mangrove classification
Reference data for classifying mangrove and non-mangrove areas were collected between June and October 2023 and were used to 

support the study-year (2023) mapping framework, through a combination of field-based observations and expert interpretation of 
high-resolution satellite imagery. A total of 700 georeferenced points were compiled across representative coastal regions in Malaysia, 
capturing a wide range of mangrove ecosystems as well as adjacent land-cover types, including agricultural land, built-up areas, and 
open water bodies. Field surveys were conducted to gather in-situ information, while inaccessible locations were supplemented 
through visual interpretation of very high-resolution imagery in Google Earth. This dual approach ensured comprehensive coverage of 
both spatial and ecological gradients. All reference points were manually verified and stratified to maintain a balanced representation 
across major land-cover types and geographic gradients. The dataset was divided into training and validation subsets using a 70:30 
split, ensuring proportional representation of each class (Anees et al., 2024b, 2025b). This stratified sampling design reduced clas
sification bias and strengthened model calibration and accuracy assessment. The final reference dataset served as ground truth for 
training the supervised classification algorithm (XGBoost) and for validating the resulting 2023 mangrove extent map.

2.2.2. Field-based AGB measurements
AGB reference data were collected from plot-based field measurements within representative mangrove stands between June and 

October 2023 (dry season in Sarawak; n = 245 plots). Satellite predictors were subsequently extracted from Sentinel-1 and Sentinel-2 
acquisitions temporally matched to the field campaign period (or the closest cloud-free observations within the compositing window) 
to minimise temporal mismatch between in-situ biomass estimates and remotely sensed variables (Table S8). Fixed-area plots of 30 ×
30 m were established to ensure compatibility with the spatial resolution of S1 and S2 imagery (Ferreira and Lacerda, 2016; Martinez 
et al., 2024). The decision to use 30 m plots equivalent to a 3 × 3-pixel window was guided by several practical and methodological 
considerations (Cherian and Rajitha, 2024; Elbakidze et al., 2016). These include minimizing spatial mismatches due to handheld 
GNSS horizontal uncertainties of approximately 3–5 m, reducing spectral mixing and canopy edge effects, and achieving consistency 
with other datasets, such as GEDI and Landsat, which also operate at 30 m resolution. A 3 × 3-pixel window (30 × 30 m) centered on 
each field plot was used to extract and average spectral and SAR-based variables. This approach reduced residual errors caused by 
geolocation uncertainty, mixed pixels, and misalignment between field plots and satellite observations, thereby strengthening the 
empirical linkage between ground measurements and remotely sensed data (Allais et al., 2024; Nguyen et al., 2016). Field sampling 
was designed to capture representative mangrove structure and species composition; however, some accessibility-related bias is un
avoidable in intertidal mangrove environments. Areas with deep mud, dense pneumatophore/root networks, unsafe tidal channels, 
and difficult boat or foot access were less likely to be sampled intensively. Consequently, highly degraded, recently disturbed, very 
low-stature, fragmented edge stands, and some remote interior patches may be under-represented relative to more accessible and 
structurally mature stands. This could slightly shift the field AGB distribution toward better-developed mangrove conditions and 
reduce the representation of low-biomass or disturbance-affected stands in model calibration. Therefore, the AGB map was interpreted 
as a regionally calibrated estimate based on accessible field plots, while recognising that prediction uncertainty may be higher in 
disturbed, fragmented, or poorly sampled stand conditions. This limitation was partly addressed by distributing plots across major 
mangrove taxa and coastal gradients, pairing field observations with spatially continuous Sentinel-1/Sentinel-2 predictors and eval
uating model performance using held-out and out-of-fold predictions.

Within each plot, standard forest inventory protocols were followed, including measuring diameter at breast height (DBH), total 
tree height using a hypsometer (Oliveira et al., 2021), and species identification. AGB was estimated using species-specific mangrove 
allometric equations where available and mixed-species Malaysian mangrove equations otherwise. Two allometric forms were 
considered: a DBH-only model (Eq. (1)) and a combined DBH and height model (Eq. (2)) (Chave et al., 2014; Komiyama et al., 2005). 

AGB= a × Db (1) 

AGB= a ×
(
D2 × H

)b (2) 

where D is the diameter at breast height (cm), H is the total tree height (m), and a and b are empirical coefficients. Since both DBH and 
tree height were measured for all trees, the D2H model was consistently applied. A formal multi-equation sensitivity analysis was not 
undertaken because consistently parameterised regional equations were not available for all recorded taxa and stand conditions. 
However, equation choice remains an important source of uncertainty in mangrove AGB estimation. Alternative DBH-only or regional 
mixed-species equations could shift plot-level AGB estimates, particularly in large-diameter, tall, or high-wood-density stands where 
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biomass scales nonlinearly with stem size. Such shifts would be expected to affect the absolute magnitude of AGB more than the broad 
spatial pattern of relative biomass variation, because the same allometric framework was applied consistently across all plots. This 
model demonstrated superior predictive performance (R2 = 0.63–0.96) in structurally diverse mangrove stands (Khan et al., 2025). 
When log-linear equations were used, back-transform bias was corrected using the smearing estimator (Zhang et al., 2025), and 
species- or genus-level wood density values were applied from curated databases where required (Mo et al., 2024). Biomass estimates 
were expressed in megagrams per hectare (Mg ha− 1) according to the plot area. Species information was operationalised by reporting 
species-wise plot AGB summaries (mean, standard deviation, range, and sample size) for the nine recorded taxa (Table S9). For the 
AGB modelling task, plot-level AGB values were paired with predictor variables averaged within the 3×3-pixel neighbourhood and 
were used for model development and out-of-sample evaluation (i.e., held-out test predictions and/or cross-validated out-of-fold 
predictions), ensuring that reported performance metrics were not derived from in-sample fitted values (Corte et al., 2020; Ojoatre 
et al., 2019).

2.3. Remote sensing datasets for mangrove biomass estimation

This study employed a combination of multisensor satellite observations and ground-based field measurements to estimate AGB in 
mangrove forests. The integration of optical, radar, and in-situ data was designed to enhance the accuracy and spatial representation of 
biomass estimations across the study area. The primary remote sensing datasets included Sentinel-1 (S1) and Sentinel-2 (S2) imagery, 
selected for their complementary spectral and structural information. The overall methodological framework is summarised in Fig. 2, 
outlining the sequential steps from data acquisition to biomass modelling. All predictor layers were harmonised to a standard 10 m grid 
in a projected coordinate reference system (WGS 84/UTM zone 50N; EPSG:32650) and cover the analysis window January–December 
2023. Scene counts, quality filters, and compositing windows are reported for each sensor in Table S1–S3.

Fig. 2. Methodological workflow for mangrove extent mapping and above-ground biomass estimation in Sarawak using fused Sentinel-1 and 
Sentinel-2 data, field inventory, and XGBoost modelling.
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2.3.1. Sentinel-2 optical data
Sentinel-2 Level-2A surface reflectance (COPERNICUS/S2_SR) was used to derive vegetation- and mangrove-sensitive spectral 

information. All Sentinel-2 scenes acquired from January to December 2023 were accessed in Google Earth Engine and filtered using a 
scene-level cloud-cover threshold of <10%; residual cloud and shadow contamination was removed using the Scene Classification 
Layer (SCL), and a median composite was generated to represent 2023 surface conditions (Table S1). The sensor provides 13 bands at 
10–60 m spanning the visible, NIR, red-edge, and SWIR regions (Table S2). These bands supported calculation of NDVI, MNDWI, 
NDMI, and additional mangrove-oriented indices (Table S4). Bands B2–B4 capture chlorophyll and suspended-sediment signals, B8/ 
B8A characterise canopy structure and water content, and B11/B12 represent SWIR moisture sensitivity and lignocellulosic absorp
tion. To characterise fine-scale spatial heterogeneity relevant to mangrove stands, grey-level co-occurrence matrix (GLCM) textures 
(contrast, entropy, homogeneity, dissimilarity, correlation, ASM, mean, and variance) were computed from NIR and red-edge bands 
using a 5×5 window, four directions, and 64 grey levels (Table S4).

2.3.2. Sentinel-1 SAR data
Sentinel-1 C-band SAR was incorporated to provide canopy-structure and moisture information under persistent cloud conditions. 

C-band backscatter is sensitive to mangrove architecture and surface wetness (Yilmaz et al., 2023) and can be transformed into indices 
useful for biomass and habitat mapping (Mohammadpour et al., 2022; Park and Guldmann, 2020). Sentinel-1 GRD imagery acquired in 
Interferometric Wide (IW) mode with dual polarisation (VV and VH) was used for the period January–December 2023 (Table S1; 
Table S3). To maintain consistent viewing geometry across the annual time series, the analysis was restricted to descending-orbit 
acquisitions (Table S1). After standard radiometric processing to analysis-ready backscatter (σ0), a multi-temporal median compos
ite was generated for 2023, from which VV, VH, the VV/VH ratio, and log-transformed backscatter were retained (Table S1; Table S4). 
Grey-level co-occurrence matrix (GLCM) textures (contrast, entropy, homogeneity, dissimilarity, correlation, ASM, mean, and vari
ance) were derived from VV and VH to characterise canopy roughness and spatial heterogeneity using a 5×5 window, four directions, 
and 64 grey levels (Jia et al., 2023; Yilmaz et al., 2023; Table S4). Although L-band SAR (ALOS-2 PALSAR) can offer deeper penetration 
and reduced saturation in very dense mangroves, continuous coverage matching the study-year window was not available; Sentinel-1 
was therefore adopted for its open access, revisit capability, and operational scalability. Limitations in high-biomass zones were 
mitigated through subsequent fusion with Sentinel-2 spectral predictors, canopy-height products, and topographic variables. The 
workflow can also be extended where higher-resolution data are available; for example, PlanetScope imagery could be incorporated as 
an optional refinement layer in very high-biomass or structurally heterogeneous mangrove stands to improve the representation of 
narrow belts, fragmented edges, canopy gaps, and fine-scale texture variation (Hemati et al., 2025). Such an extension would com
plement, rather than replace, the Sentinel-1/Sentinel-2 baseline framework used in this study.

2.4. Pre-processing of satellite data

Pre-processing was standardised across optical and SAR inputs to generate co-registered, analysis-ready predictor layers. Sentinel-2 
cloud and shadow were removed using the Scene Classification Layer (la Cecilia et al., 2023; Nevavuori et al., 2020), and a median 
composite was generated to represent 2023 surface conditions (Mehmood et al., 2025a, 2025b). Sentinel-1 GRD IW-mode imagery 
(VV, VH; January–December 2023) was processed to analysis-ready backscatter (σ0) and terrain-corrected using SRTM v3 (~30 m) 
(Potin et al., 2016; Filipponi, 2018; Ali et al., 2025; Sheehy et al., 2024). All SAR layers were then co-registered to the Sentinel-2 10 m 
grid, which served as the spatial reference because it defines the target mapping resolution for the fused predictor stack. 
Co-registration accuracy was evaluated using stable linear features (coastline/river margins) across 50 tie locations; the mean hori
zontal displacement decreased from 11.8 ± 4.6 m before alignment to 3.2 ± 1.7 m after co-registration. A full-year multi-temporal 
median composite and a 3×3 median filter was applied to reduce speckle (Dagne et al., 2023). From this stack, VV, VH, log (VV), log 
(VH), and VV/VH were retained, and GLCM textures on VV/VH were computed using a 5×5 window, four directions, and 64 grey 
levels (Sainuddin et al., 2024). Ancillary layers included SRTM v3 elevation, slope, and aspect, and Global Forest Canopy Height 
(GFCH) canopy height (10 m spatial resolution); all layers were resampled and harmonised to 10 m using bilinear (continuous) or 
nearest-neighbour (categorical) schemes (Hussain et al., 2025). Details for each sensor and derived predictors are listed in Table S1–S4.

2.5. Ancillary structural and topographic data

Structural and topographic predictors were added to strengthen the biomass model. GFCH, 10 m; derived from GEDI was used as a 
single canopy-height predictor; no airborne LiDAR was collected. GFCH was reprojected to WGS 84/UTM 50N (EPSG:32650) and 
harmonised to the 10 m grid (Neuenschwander et al., 2020). SRTM v3 (1-arc-sec, ~30 m) provided elevation; slope and aspect were 
derived at native resolution, reprojected, and snapped to the Sentinel-2 10 m grid. Elevation and slope were resampled bilinearly; 
aspect used nearest neighbour to respect its circular nature. This keeps the DEM's 30 m information while enabling pixel-wise stacking 
with the 10 m S1/S2 predictors. Distances to coastline and main channels were computed from OpenStreetMap (Geofabrik Malaysia, 
2023 extract) and HydroRIVERS v1.0 and rasterised to the standard 10 m grid. All ancillary layers share the same CRS and analysis 
window (January–December 2023).

2.6. Machine learning-based mangrove extent classification

Mangrove extent classification was implemented using the XGBoost algorithm, leveraging a subset of informative predictors 
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derived from Sentinel-1 and Sentinel-2 imagery. The reference dataset (n = 700 points) was stratified by class and split into 70% for 
model development and 30% as an independent hold-out test set. Hyperparameter tuning was performed on the 70% subset using 
repeated stratified five-fold cross-validation (two repetitions), with ROC–AUC as the optimisation criterion. The final model was refit 
on the full 70% training subset and evaluated on the independent 30% hold-out set using confusion-matrix metrics (overall accuracy, 
kappa, precision, recall/sensitivity, specificity, balanced accuracy) and ROC–AUC. Predictors comprised Sentinel-2 spectral bands and 
derived indices (e.g., vegetation and moisture indices), Sentinel-1 backscatter metrics (VV, VH, VV/VH and log-transforms), and 
texture features (GLCM) derived from both sensors (Table S1–S4).

Predictor selection and interpretability were supported using SHAP analysis, which enabled identification of the most influential 
variables contributing to the classification outcome (Mehmood et al., 2025b) (Fig. S1). A conservative set of hyperparameters was 
adopted to enhance model generalisation and prevent overfitting. The final XGBoost configuration included 100 boosting rounds 
(nrounds = 100), maximum tree depth = 3 (max_depth = 3), learning rate = 0.1 (eta = 0.1), gamma = 1, colsample_bytree = 0.8, 
subsample = 0.8, and minimum child weight = 5. Fixed random seeds were used to ensure model reproducibility.

To assess classification uncertainty, an ensemble modelling approach was applied by training ten XGBoost models on bootstrapped 
samples of the training data. Predictions were aggregated to compute the mean probability and standard deviation for each pixel. The 
standard deviation was used as a proxy for uncertainty and reclassified into four ordinal levels: very low (<0.1), low (0.1–0.2), 
moderate (0.2–0.3), and high (≥0.3). The spatial distribution and proportional coverage of these uncertainty levels were quantified to 
assess confidence across the mapped mangrove extent.

2.7. AGB prediction using remote sensing and XGBoost

AGB was predicted with XGBoost regression using the fused Sentinel-1/2 predictor stack, including SAR backscatter, texture 
metrics, spectral bands, vegetation indices, and ancillary predictors. XGBoost trains an additive ensemble of decision trees; each tree 
fits the residuals of the current model, and the ensemble is regularised by shrinkage, tree-depth limits, subsampling, and L1/L2 
penalties (Mehmood et al., 2025c). A squared-error objective was used, and model performance was evaluated only from held-out 
predictions rather than from in-sample fitted values. Boruta guided predictor parsimony by retaining features with importance 
consistently above shadow controls, after which the model was refit on the retained predictor set (Agarwal et al., 2023). Outliers in 
plot-level AGB were screened using the IQR rule.

Model evaluation followed two complementary held-out protocols to avoid ambiguity between the independent test set and the 
full-sample cross-validated predictions. First, the dataset was split into fixed 80% training and 20% independent test subsets using 
fixed random seeds. The 20% test subset was kept completely unseen during feature selection, hyperparameter tuning, and early 
stopping, and was used only once for final independent test-set evaluation. Second, spatially blocked out-of-fold predictions were 
generated across the full dataset (n = 245) to provide one held-out prediction for every field plot and to support the observ
ed–predicted scatterplot. Thus, Fig. 6 is based on full-sample out-of-fold predictions, whereas the fixed independent 20% test-set 
metrics are reported separately as a final benchmark.

Model training was conducted using the squared-error objective (reg:squarederror) and RMSE as the evaluation metric. Key 
hyperparameters included maximum tree depth of 6, learning rate (eta) of 0.1, subsample = 0.8, and colsample_bytree = 0.8. 
Additional tuned parameters included learning_rate, max_depth, n_estimators, subsample, colsample_bytree, 
min_child_weight, λ, and α. Hyperparameter tuning and early stopping were performed within the training subset only, using five- 
fold cross-validation with early stopping after 10 rounds to identify the optimal number of boosting rounds (Islam et al., 2023).

To reduce spatial leakage among nearby plots, cross-validation was implemented using spatially blocked folds. Plot centroids were 
grouped into spatial blocks before fold assignment, ensuring that neighbouring plots within the same local cluster were retained within 
the same fold rather than being split between training and validation subsets. This provided a stricter assessment of model trans
ferability than ordinary random plot-level cross-validation. In the full-sample out-of-fold procedure, each plot was predicted by a 
model trained without the spatial block containing that plot. These predictions were then combined across folds to generate held-out 
predictions for all 245 plots. Model performance was evaluated using RMSE, mean absolute error (MAE), coefficient of determination 
(R2), and Pearson's correlation coefficient.

Prediction consistency and model reliability were assessed through 100 Monte Carlo simulations using bootstrapped samples from 
the training data (Sarker, 2010). In each iteration, an XGBoost model was trained, tuned through cross-validation, and evaluated on a 
held-out test subset. The resulting distributions of RMSE and R2 values provided insight into variability in model performance across 
repeated resampling. Mean and standard deviation were calculated for each metric, and their distributions were visualised using 
histograms to examine the stability of AGB predictions across simulations.

Residual spatial dependence was examined as an additional diagnostic of spatial robustness. Global Moran's I was used to test 
spatial autocorrelation in observed AGB and in model residuals. Residuals were defined as ei = yi − ŷi, where yi is the observed AGB 
and ŷi is the held-out predicted AGB for plot i. A row-standardised k-nearest-neighbour weights matrix (k = 8) was built from plot 
centroids. Significance was assessed using 999 random permutations under the null hypothesis of spatial randomness. As a reliability 
check, the analysis was repeated using a fixed distance band that produced a similar neighbour count. Computations were performed in 
R using the sf and spdep packages.
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2.8. Model evaluation and performance metrics

Model performance for both mangrove extent classification and AGB prediction was evaluated using a combination of statistical 
and classification-based metrics in accordance with established recommendations (Anees et al., 2024a). For classification, perfor
mance metrics included overall accuracy, the kappa coefficient, sensitivity (also known as recall), specificity, precision, balanced 
accuracy, and the area under the receiver operating characteristic curve (AUC). The classification threshold was optimized using the 
“closest-to-top-left” method on the ROC curve. These metrics were computed on an independent validation set, enabling an unbiased 
assessment of the classifier's ability to differentiate between mangrove and non-mangrove classes. For AGB estimation, model eval
uation employed RMSE, mean absolute error (MAE), coefficient of determination (R2), bias, and relative root mean square error 
(rRMSE), following recommended practices (Chuine and Beaubien, 2001; Rodigheri et al., 2023). Pearson's correlation coefficient (r) 
was used to quantify the linear association between predicted and observed AGB. For clarity, the mathematical definitions of RMSE, 
rRMSE (mean-normalised and range-normalised forms), MAE, bias, and Pearson's r are provided in Supplementary S1.

SHAP (SHapley Additive exPlanations) was applied to assess the influence of individual predictors on AGB predictions generated by 
the XGBoost model. Rooted in cooperative game theory, the SHAP framework assigns a contribution value (ϕ) to each feature for every 
prediction, thereby providing both global and local interpretability (Mehmood et al., 2025b). 

φj =
∑

S⊆N\{j}

|S|! (|N| − |S| − 1)!
|N|!

[f(S∪{J}) − F(S)] (3) 

where N is the set of all features, S is a subset of features excluding j, and f(S) is the model prediction based on features in S. The shapviz 
package in R was employed to compute and visualize SHAP values based on the final trained model and its corresponding predictor 
matrix. A combined importance plot was generated to display the average absolute SHAP values for each variable, alongside the 
distribution of their effects across all observations. This dual-format visualization facilitated both the ranking of predictor importance 
and the assessment of variability in their contributions to AGB estimates. For local interpretation, a SHAP waterfall plot was con
structed for a single observation (Mehmood et al., 2025b), illustrating the additive contributions of each predictor in relation to the 
model's baseline prediction. This visualization clarified the extent to which individual features increased or decreased the predicted 
AGB value for that specific case.

3. Results

3.1. Observed AGB patterns across mangrove species and plots

AGB estimates from 245 mangrove plots revealed substantial variability, both across species and spatially among plots. While 
several plots comprised mixed-species assemblages, each plot was assigned to the species with the largest basal area for the purpose of 
species-level AGB reporting. This approach, widely applied in mangrove biomass studies, enables meaningful interspecific compari
sons while retaining the influence of structural diversity within the overall analysis. Species-level summaries showed that Rhizophora 
mucronata recorded the highest mean AGB (102.1 Mg ha− 1), followed by Sonneratia alba (100.1 Mg ha− 1). In contrast, Bruguiera 
parviflora had the lowest mean AGB (74.5 Mg ha− 1) (Table 1). These interspecific differences reflect underlying variations in wood 
density, tree height, and site-specific growing conditions. In addition to species-level variation, the ranked distribution of observed 

Table 1 
Species-wise summary statistics of observed above-ground biomass (AGB) and stand structure from 245 mangrove plots (30 × 30 m) across Sarawak, 
Malaysia. AGB is reported in Mg ha− 1. Mean tree count, mean DBH (cm), and mean height (m) are averaged across plots assigned to each dominant 
taxon (dominant basal area). Wood density (g cm− 3) denotes the species- or genus-level value used in the allometric calculations.

Scientific name Genus Plot 
count

Mean AGB 
(Mg ha− 1)

SD Min Max Mean tree count 
(per 30 × 30 m 
plot)

Mean 
DBH (cm)

Mean 
height (m)

Wood density 
(g cm− 3)

Rhizophora 
mucronata

Rhizophora 37 102.07 56.26 23.00 220.00 61.0 15.26 15.57 0.85

Sonneratia alba Sonneratia 25 100.14 58.05 24.00 230.00 83.0 15.44 18.52 0.50
Rhizophora 

apiculata
Rhizophora 49 97.78 42.96 31.73 210.14 64.8 14.91 14.99 0.85

Sonneratia 
caseolaris

Sonneratia 20 93.71 51.64 23.26 165.00 75.2 15.58 18.21 0.50

Bruguiera 
gymnorhiza

Bruguiera 29 91.88 61.13 21.00 212.00 76.8 13.96 14.71 0.74

Avicennia 
marina

Avicennia 25 89.96 57.38 30.00 224.00 69.4 14.42 14.05 0.70

Avicennia 
officinalis

Avicennia 12 86.94 39.98 33.00 148.00 65.3 14.69 13.76 0.70

Avicennia alba Avicennia 29 78.06 46.00 22.00 237.46 66.6 14.31 13.64 0.70
Bruguiera 

parviflora
Bruguiera 19 74.54 43.96 20.03 151.31 85.8 11.85 13.65 0.74
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AGB across all plots illustrates a gradual biomass gradient, with a small number of high-biomass outliers exceeding 200 Mg ha− 1 

(Fig. 3). This plot-level variation emphasizes the structural heterogeneity within the sampled mangrove stands and supports the di
versity captured during field sampling.

3.2. Mangrove extent classification and prediction confidence

The XGBoost model produced accurate and reliable predictions of mangrove extent across the study region. Classification per
formance was strong, with an overall accuracy of 88.8% and a Cohen's Kappa of 0.776, indicating substantial agreement beyond 
random chance. Sensitivity for the mangrove class reached 92.8%, while specificity was 84.7%, reflecting the model's balanced ability 
to detect both mangrove and non-mangrove classes correctly. The precision for mangrove classification was 86.5%, resulting in a 
balanced accuracy of 88.7% (Table S4). ROC analysis further confirmed the model's discriminative power, yielding an AUC of 0.963 
(Fig. 4). The optimal probability threshold for distinguishing mangrove from non-mangrove pixels was determined to be 0.728, using 
the “closest-to-top-left” criterion (Fig. S3). At this threshold, the model achieved a sensitivity of 87.6% and a specificity of 92.0%, 
indicating a well-calibrated decision boundary (Fig. 5).

Applying this threshold across the full study area yielded a predicted mangrove extent of 1078.70 km2. The optimal threshold was 
τ = 0.728 from the ROC closest-to-(0,1) criterion; at this operating point, sensitivity was 87.6% and specifically 92.0%. The classi
fication map effectively delineated mangrove and non-mangrove zones, while a complementary probability map highlighted confi
dence gradients in predicted mangrove presence (Fig. 6). Areas with high classification probability corresponded closely to dense and 
well-established mangrove stands, whereas lower probabilities were associated with fragmented or transitional regions. Model con
fidence was further assessed using ensemble predictions from fifty (50) bootstrap iterations. Standard deviation values derived from 
these ensemble outputs were used to quantify classification uncertainty. Most of the predicted mangrove area (83.8%, or 904.25 km2) 
exhibited very low uncertainty, reflecting consistent agreement across models. An additional 6.96% (75.09 km2) and 7.29% (78.65 
km2) were classified as low and moderate uncertainty, respectively. Only 1.92% of the area (20.71 km2) exhibited high uncertainty, 
primarily located along classification boundaries or in spectrally ambiguous zones. A stratified random sample of 225 reference points 
interpreted from very-high-resolution imagery yielded overall accuracy = 0.929, κ = 0.674, MCC = 0.679, and balanced accuracy =
0.810 (Table S11). The confusion matrix (Table S13) shows mangrove: PA = 0.645, UA = 0.800 (F1 = 0.714) and non-mangrove: PA =
0.974, UA = 0.945 (F1 = 0.959). Using a mapped-stratum estimator, the area-adjusted OA = 0.942 (95% CI 0.911–0.974) (Table S14). 
Errors are spatially concentrated along class boundaries and fragmented patches, consistent with the probability map and the oper
ating point τ = 0.728, and their distribution is illustrated in Fig. S5.

Overall accuracy was 88.8% (κ = 0.776) with AUC = 0.960. A 50-run bootstrap uncertainty map showed 83.8% of mapped 
mangroves in the very-low-uncertainty class, with high-uncertainty pixels concentrated along class boundaries and fragmented zones. 
These patterns indicate spatially coherent predictions with quantified uncertainty at the chosen operating point (τ = 0.728).

3.3. AGB prediction and model interpretation

The XGBoost regression model demonstrated reliable performance in predicting AGB across the study area. Model accuracy was 
quantified using held-out predictions to avoid optimistic bias, specifically through the spatially blocked out-of-fold prediction scheme 
described in Section 2.7. The out-of-fold evaluation included all 245 plots, but each plot was predicted only by a model that did not 

Fig. 3. Species-wise distribution of observed above-ground biomass (AGB) across 245 mangrove plots (30 × 30 m) in Sarawak, Malaysia. Boxplots 
show the median and interquartile range (IQR) of plot-level AGB for each species; whiskers extend to 1.5 × IQR. Points represent individual plots, 
and sample sizes (n) are shown above each species. Boxes are coloured by genus, and the white diamond denotes the mean. AGB is reported in Mg 
ha− 1.No significant spatial autocorrelation was detected in observed AGB or in model residuals (global Moran's I; 999 permutations); details are 
provided in Supplementary text S2 and Fig. S6.
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include the spatial block containing that plot during training. Therefore, Fig. 6 scatterplot represents full-sample held-out prediction 
performance rather than in-sample fitted values. The out-of-fold evaluation yielded an RMSE of 28.59 Mg ha− 1 and an MAE of 20.80 
Mg ha− 1. The coefficient of determination (R2) was 0.72, indicating that approximately 72% of the variance in observed AGB was 

Fig. 4. ROC curve for mangrove extent classification using the XGBoost model. The model achieved a high AUC of 0.963, indicating excellent 
discriminatory ability between mangrove and non-mangrove classes. The curve illustrates the trade-off between sensitivity and specificity across 
classification thresholds, with the dashed line representing random performance.

Fig. 5. Spatial prediction of mangrove extent and associated classification probabilities across selected districts in Sarawak, Malaysia. Insets (a) 
Kuching Wetlands NP, (b) Samarahan, (c) Tanjung Manis/Rajang Delta, and (d) Batang Lassa illustrate varying patterns of mangrove distribution 
and classification confidence. The color gradient represents the probability of mangrove presence, with darker green indicating higher confidence. 
Core mangrove zones exhibit high classification certainty, while transition zones show reduced model confidence.
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explained under held-out prediction. Pearson's correlation coefficient (r) between observed and predicted AGB values was 0.85, 
signifying a strong positive linear relationship (Fig. 6; n = 245).

The fixed independent 20% test set was used as a separate final benchmark and was not used during feature selection, hyper
parameter tuning, or early stopping. This independent test-set evaluation yielded RMSE = 25.53 Mg ha− 1, MAE = 19.39 Mg ha− 1, R2 =

0.79, and Pearson's r = 0.90. These values are reported separately from the full-sample out-of-fold metrics because the two evaluations 
serve different purposes: the independent test set provides a single withheld-subset benchmark, whereas the out-of-fold evaluation 
provides one held-out prediction for every field plot and supports the observed–predicted scatterplot.

The observed versus predicted AGB scatterplot exhibited a clear alignment along the 1:1 line, with most predictions concentrated 
around moderate to high AGB values. Some degree of underestimation was observed in plots with very high AGB, a common 
occurrence in remote sensing-based biomass estimation due to signal saturation and structural complexity in dense stands.

In addition to continuous prediction values, AGB was classified into five discrete biomass classes to facilitate interpretation and 
mapping. The classes were defined using rounded, reader-friendly thresholds, ranging from very low biomass (<50 Mg ha− 1) to very 
high biomass (≥200 Mg ha− 1) (Table S6). Most of the mapped mangrove area (51.42%) fell within the 150–200 Mg ha− 1 class, fol
lowed by 23.84% in the 100–150 Mg ha− 1 class. Areas with ≥200 Mg ha− 1 accounted for 21.32% of mangrove extent (Table S6). The 
classified AGB map (Fig. 7) highlights pronounced spatial heterogeneity, with higher biomass concentrations mainly occurring in the 
central and northern portions of the study area, while lower biomass classes are more common near urban fringes and fragmented 
coastal zones.

Feature-group experiments were run to see which sensor branch carries more biomass information. XGBoost was re-trained with (i) 
Sentinel-1 backscatter plus vegetation/moisture indices and ancillary variables and (ii) Sentinel-2 bands plus the same indices and 
ancillary variables, using the same 80/20 split and tuning settings. The S1-based stack performed slightly better (RMSE = 27.11 Mg 
ha− 1; MAE = 21.18 Mg ha− 1; R2 = 0.715) than the S2-based stack (RMSE = 29.43 Mg ha− 1; MAE = 22.28 Mg ha− 1; R2 = 0.697), 
indicating that C-band backscatter, when combined with NDVI/NDMI/SAVI and terrain–height variables, captures mangrove structure 
reasonably well (Table S15). After spatial pairing (≤25 m), n = 212-point pairs were retained. C-band AGB showed strong concordance 
with the GEDI reference (R2 = 0.74, 95% CI 0.67–0.80; r = 0.86, 0.82–0.89; CCC = 0.85). Absolute errors were RMSE = 30.5 Mg ha− 1 

(27.5–33.3) and MAE = 24.1 Mg ha− 1 (21.6–26.7). Mean difference (GEDI − C-band) was 2.2 Mg ha− 1 (− 1.9 to 6.1), indicating no 
systematic offset. The OLS slope was 1.00 (95% CI 0.92–1.07) with an intercept of 2.14 Mg ha− 1 (− 5.68 to 10.30), consistent with 
minimal scaling bias. Bland–Altman limits of agreement were centered near zero and showed no pronounced heteroscedasticity across 
the biomass range, corroborating the 1:1 scatter diagnostic (Fig. 8).

Alternative regressors were benchmarked Random Forest and support-vector regression with an RBF kernel under the same 
train–test split, cross-validation folds, and tuning/early-stopping settings as the XGBoost model. Both produced RMSE and R2 values 
comparable to XGBoost and did not consistently reduce error across resamples. A pared predictor set delivered similar performance, 
indicating that results are not driven by weakly informative features. The remaining error likely reflects an intrinsic floor set by 30 ×
30 m plot–10 m pixel incongruity, within-plot structural heterogeneity, uncertainty in species-specific allometry, and partial C-band 
saturation at very high biomass. Benchmark outcomes are summarised in Table S19.

Fig. 6. Scatterplot of observed versus predicted above-ground biomass (AGB) values using the XGBoost regression model. The red dashed line 
represents the 1:1 reference line, indicating perfect agreement between observed and predicted values. Green dots represent individual plots (n =
245). Predicted values are spatially blocked out-of-fold predictions, meaning that each plot was predicted by a model trained without the spatial 
block containing that plot. The metrics shown in this figure therefore describe full-sample out-of-fold performance and are distinct from the fixed 
independent 20% test-set metrics reported separately in the text and supplementary benchmarking table.
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3.4. SHAP-based interpretation of the fused AGB model and sensors

Model interpretation was conducted using SHAP values, enabling transparent assessment of predictor contributions. The summary 
plot (Fig. 9A) ranked predictor importance based on mean absolute SHAP values. Canopy height (CHT) emerged as the most influential 
predictor, followed by elevation, VH backscatter difference (VHdB), NDVI, and NDMI. These variables consistently contributed higher 
predictive power, reflecting the structural and ecological characteristics that govern biomass accumulation in mangrove forests. A 
single-observation SHAP waterfall plot (Fig. 9B) further illustrates the additive contributions of key features to an individual AGB 
prediction. Positive contributions from high canopy height, NDVI, and s2B4 reflect their association with increased biomass, while 
slope and lower NDMI values slightly reduced the predicted value, consistent with ecological expectations.

SHAP values also revealed nonlinear and interacting effects among predictors. For instance, high NDVI and NDMI values positively 
influenced predictions only in combination with sufficient canopy height and radar backscatter intensity. Among the Sentinel-2 bands, 
B4, B3, and B12 contributed more meaningfully than the others, suggesting their relevance in capturing vegetation signals. Terrain 
variables such as slope and aspect had a moderate influence, primarily acting as secondary modifiers in areas with topographic 
variation. These results highlight the importance of integrating spectral, structural, and topographic predictors for satellite-based AGB 
modeling in mangrove systems. The model's ability to generalize across the field plots, supported by SHAP-based interpretability, 
affirms the effectiveness of the fused Sentinel-1 and Sentinel-2 approach under machine learning frameworks.

To examine the relative contribution of each sensor family, SHAP analyses were also generated for the two reduced models (S1 +
indices + ancillary and S2 + indices + ancillary). Both models preserved CHT and elevation as dominant predictors, but the S1 model 
assigned higher influence to VH-based features and NDMI, whereas the S2 model increased the importance of NDVI and red/SWIR 
bands (s2B4, s2B12). This pattern agrees with the groupwise modelling results (Table S14), where the fused predictor stack out
performed the two single-sensor stacks, indicating that radar and optical information are complementary rather than redundant 
(Fig. 10). These SHAP results provide a practical guide for similar tropical mangrove applications: where full predictor stacks are not 
feasible, priority should be given to structural layers such as canopy height and elevation/DEM-derived variables, together with VH 

Fig. 7. Spatial distribution of predicted above-ground biomass (AGB) across mangrove areas in Sarawak, Malaysia. The map displays five biomass 
classes using rounded thresholds: <50, 50–100, 100–150, 150–200, and ≥200 Mg ha− 1 (Table S6). Insets show localized patterns of biomass 
variation in (a) Kuching Wetlands NP, (b) Samarahan, (c) Tanjung Manis/Rajang Delta, and (d) Batang Lassa. Higher biomass concentrations are 
prevalent in central and northern coastal mangroves, while lower biomass values occur near urban fringes and fragmented zones. The classification 
is based on the XGBoost regression output using fused Sentinel-1 and Sentinel-2 predictors.
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backscatter and Sentinel-2 red, SWIR, red-edge, and vegetation/moisture indices. In operational monitoring, these variables should be 
treated as core predictors because they capture the main structural, hydrological, and canopy-condition controls on mangrove AGB.

3.5. Model stability and uncertainty assessment via Monte Carlo simulations

Model stability and generalization consistency were examined through 100 Monte Carlo simulations. Each simulation involved 
bootstrapping the training dataset, retraining the XGBoost model, and evaluating its performance on an independent test subset 
(Table S7). This resampling-based approach allowed for the quantification of prediction uncertainty and variability in model per
formance across diverse training configurations. The distribution of RMSE values across the simulations ranged from 23.25 to 29.12 

Fig. 8. Validation of C-band AGB against GEDI. (A) 1:1 comparison of C-band PALSAR AGB (x-axis) with GEDI AGB (y-axis). The dashed line 
denotes the 1:1 reference; the solid line is the ordinary least-squares fit with its 95% confidence band; the dot–dash line (if present) shows the 
Deming slope to account for error on both axes. Headline statistics (R2, RMSE, CCC) are reported in the panel title. (B) Bland–Altman plot of GEDI −
C-band (Mg ha− 1) versus the pairwise mean, with the solid line indicating the mean difference (bias) and dotted lines the 95% limits of agreement. 
Point pairs were matched within 25 m to ensure spatial coincidence.

Fig. 9. (A) SHAP summary plot showing the influence of individual predictors on AGB predictions. Feature importance is ranked by mean absolute 
SHAP values, with warmer colors representing higher feature values. (B) SHAP waterfall plot for representative observation, highlighting the cu
mulative impact of each variable on the model prediction relative to the mean baseline.
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Mg ha− 1, with a mean of 26.25 ± 1.33 Mg ha− 1 (Fig. 11A). The MAE averaged 15.56 ± 0.80 Mg ha− 1, while the R2 ranged from 0.73 to 
0.84, with a mean value of 0.783 ± 0.023 (Fig. 11B). These narrow standard deviations across all performance metrics suggest minimal 
sensitivity of the model to data variation and strong repeatability in biomass prediction outcomes. The RMSE distribution was 
unimodal and symmetric, centered near the average model error observed in the single-model evaluation. Likewise, R2 values were 
consistently concentrated around the 0.78–0.80 interval, indicating a persistent high level of explained variance, even under varying 
training subsets. This confirms that the XGBoost model-maintained performance consistency across multiple runs and was not overly 
reliant on any specific training configuration.

Together, these results reinforce the credibility of the fused S1 and S2 predictor set in modeling mangrove above-ground biomass. 
The simulation framework adds confidence to the prediction outputs and supports their application for spatial biomass estimation at 
broader scales.

4. Discussion

The fusion of Sentinel-1 and Sentinel-2 data demonstrated strong performance in mapping mangrove extent in Sarawak, achieving 

Fig. 10. SHAP summary plots for (A) Sentinel-1 + indices + ancillary and (B) Sentinel-2 + indices + ancillary AGB models. Structural (CHT) and 
topographic (elevation) variables remain the leading predictors in both cases, while sensor-specific variables (VH for S1; red/SWIR and NDVI for S2) 
shift in importance, supporting the use of the fused predictor stack.

Fig. 11. (A) Histogram of RMSE values across 100 Monte Carlo simulations. The solid red line denotes the mean RMSE (26.25), while dashed lines 
represent one standard deviation above and below the mean. (B) Distribution of R2 values across simulations, with analogous markings for the mean 
(0.783) and standard deviation. The stability of the distributions reflects strong generalization capacity and resilience to sampling variation.
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an overall accuracy of 88.8% and a Cohen's kappa of 0.78, indicating substantial agreement beyond chance. These values are com
parable to multi-sensor applications in other regions, such as Iran's Hara Reserve (>93% accuracy) and the Global Mangrove Watch, 
which reported ~94–95% accuracy using L-band radar and optical data (Bunting et al., 2022; Ghorbanian et al., 2021). Comparison of 
the 2023 Sarawak map with the global 10-m mangrove layer of Jia et al. (2023) shows that the locally trained product reports the same 
order of mangrove extent (1078.7 km2 in this study) but adds only about 78.7 km2 of mangrove that is not present in the global layer. 
This small surplus is concentrated along narrow riverine and estuarine fringes that global products tend to generalize, as indicated by 
the difference map (red class, ~78.7 km2) (Fig. 12). The estimated mangrove extent (~1000 km2) remains within the range of national 
inventories and represents about one-quarter of Malaysia's ~0.64 million ha of mangroves, supporting classification reliability 
(Kanniah et al., 2015; Shukor and Hamid, n.d.). Alignment with national figures, together with a modest and spatially explainable 
increase over the global layer, indicates that the Sarawak-specific product is refining, rather than inflating, existing baselines for 
management use. Slight departures from the highest-accuracy studies are likely related to Sarawak's complex land-cover gradients, 
especially transitions to peat swamps and Nypa stands. The high sensitivity (92.8%) and specificity (84.7%) further confirm the ca
pacity of the classification to separate mangrove from non-mangrove classes. SAR–optical fusion therefore remains advantageous over 
single-sensor or coarser-resolution approaches for mangrove mapping in heterogeneous tropical coasts (Bunting et al., 2018, 2023).

The AGB modelling demonstrated strong predictive performance when evaluated using held-out predictions to avoid optimistic 
bias. Out-of-fold cross-validated predictions across all plots (n = 245) yielded R2 = 0.72, Pearson's r = 0.85, RMSE = 28.59 Mg ha− 1, 
and MAE = 20.80 Mg ha− 1, indicating that the model explains a substantial fraction of plot-level AGB variability under independent 
(held-out) prediction. These results are comparable to prior studies in Southeast Asia. For instance, Pham et al. (2020) reported R2 ≈

0.80 and RMSE ~28 Mg ha− 1 in the Can Gio mangroves of Vietnam, while an XGBoost model applied in the Red River Delta yielded R2 

≈ 0.68 and RMSE ~25 Mg ha− 1 under a multi-sensor approach (Liu et al., 2021). Traditional optical-only methods have demonstrated 
lower performance, with R2 values often in the 0.5–0.7 range; for example, QuickBird imagery achieved an R2 of ~0.65 for mangrove 
AGB in Southern Thailand (Pesiu et al., 2022). Our fusion-based approach remained within the upper performance range reported in 
the literature while explicitly avoiding in-sample validation. The relative error magnitude (~33% of mean AGB) aligns with norms for 
biomass modelling in structurally heterogeneous mangrove systems. Observed versus predicted AGB values were tightly clustered 
around the 1:1 line, with only minor underestimation in high-biomass plots, underscoring the model's reliability. The mapped values 
were contextualised by comparing the Sarawak AGB layer with the global mangrove structural/biomass product of Simard et al. 
(2019) and with Malaysian blue-carbon syntheses advocating higher-resolution, state-level baselines (Lee et al., 2024). At the prov
ince scale, our total mapped AGB was modestly higher than the Simard et al. (2019) surface over the same mangrove footprint, which is 
expected because our map was generated at 10 m, used locally calibrated plots, and retained narrow, estuarine and regenerating stands 
that are often generalised in global 25–100 m products. A further source of divergence lies in the allometry: Equations applied which 

Fig. 12. Mangrove extent agreement map for Sarawak showing areas where the Sentinel-1/2 fusion classification and the global 10-m mangrove 
dataset (Jia et al., 2023) coincide and where they differ. Green polygons represent mangroves mapped by both datasets (common mangrove extent), 
red patches indicate mangrove detected only by the present study (mangrove difference, ~500 ha, mainly along estuarine and riverine fringes), and 
grey areas are non-mangrove zones.
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are developed for Malaysian and regional mangroves, whereas global layers rely on pan-tropical canopy–biomass relationships that 
smooth species-level wood-density differences and can therefore understate tall Rhizophora–Sonneratia assemblages typical of Sar
awak's less disturbed sites. Mean AGB values in Sarawak's mature stands (90–100 Mg ha− 1) are consistent with regional estimates and 
slightly below the global mean of ~115 Mg ha− 1 reported by Bunting et al. (2022), which is expected given the inclusion of regen
erating stands. The prominence of elevation in the SHAP ranking should be interpreted in the context of mangrove ecohydrology rather 
than as purely topographic control. Across Sarawak's estuaries and deltaic plains, modest elevation gradients correspond to systematic 
differences in tidal flooding regime, salinity stress, sediment dynamics, and freshwater inputs. These hydrogeomorphic conditions 
shape stand development by influencing oxygen availability in the root zone, nutrient delivery, and the stability of substrates that 
support tall canopies (Liu et al., 2021). In this sense, elevation functions as a spatial proxy for the environmental setting that enables 
(or constrains) biomass accumulation, and it complements canopy height and radar/optical indicators by helping the model distin
guish consistently high-biomass zones from frequently inundated or physiologically stressed areas (Simard et al., 2019).

Species-level analysis of AGB revealed clear structural variation among dominant mangrove taxa. Rhizophora mucronata exhibited 
the highest mean biomass (~102 Mg ha− 1), followed closely by Sonneratia alba (~100 Mg ha− 1), while Bruguiera parviflora recorded 
the lowest (~75 Mg ha− 1). These differences are attributed to inherent species traits such as wood density and growth form. Similar 
trends have been reported in Peninsular Malaysia, where stands dominated by dwarf or early successional species (e.g., young Avi
cennia) held only ~50% of the biomass of mature stands (Hamdan et al., 2014; Muhd-Ekhzarizal et al., 2018). In Sarawak, the presence 
of tall, undisturbed Rhizophora and Sonneratia likely contributes to elevated local AGB, whereas disturbed zones host lower-biomass 
species. Despite interspecific differences, all mature stands in our dataset, including Bruguiera, exceeded 70 Mg ha− 1, affirming their 
carbon significance. The full range of observed biomass (~20 to >230 Mg ha− 1) highlights the structural heterogeneity of Sarawak's 
mangroves and supports the use of species-informed strategies for conservation and carbon management (Phua et al., 2023).

The methodological strength of this study lies in the integration of multi-source satellite data with the XGBoost learning algorithm. 
The fusion of Sentinel-2 optical imagery with Sentinel-1 SAR significantly enhanced both classification and AGB prediction. Optical 
data captured canopy biochemical properties, while SAR provided structural information unaffected by cloud cover and individual 
sensor limitations, such as saturation in dense canopies and low backscatter sensitivity in complex forests (Sarker, 2010; Wu et al., 
2022). Sensor fusion improved classification accuracy by over 30% compared to SAR alone, as similarly reported by Gegiuc et al. 
(2018). Our own preliminary trials confirmed that single-sensor models omitted key mangrove features, whereas fusion mitigated 
these errors. XGBoost further improved model performance by capturing non-linear interactions among variables such as species 
composition, canopy height, and texture features. This aligns with Ou et al. (2023), who found that gradient boosting outperformed 
other algorithms in estimating mangrove biomass. Moreover, SHAP-based interpretability revealed that VH backscatter, red-edge, and 
SWIR bands were among the most influential predictors, consistent with known spectral responses to vegetation biomass. Overall, the 
fusion XGBoost approach provides a scalable and interpretable framework for high-resolution mangrove carbon assessments across 
diverse tropical coastlines.

The predictor-set comparison also has practical relevance for teams with different levels of technical capacity. The full Sentinel-1/ 
Sentinel-2 fusion remains the preferred configuration where radar and optical processing are both feasible, because it combines 
structural, moisture, and spectral information. However, a minimal viable configuration using Sentinel-2 vegetation and moisture 
indices with basic topographic variables could still support first-order AGB screening where SAR processing expertise, computing 
resources, or radar-preprocessing workflows are limited. Such a simplified configuration would be most suitable for preliminary 
biomass stratification, restoration prioritisation, and selection of field-verification sites rather than final carbon accounting. In 
persistently cloudy areas, or where canopy structure is the main source of biomass variation, Sentinel-1 backscatter combined with 
elevation and slope offers a stronger low-cost alternative. These results indicate that the workflow can be implemented progressively, 
from optical–topographic screening to full radar–optical biomass modelling, depending on available data, expertise, and monitoring 
objectives.

4.1. Limitations

Several limitations should be acknowledged. Signal saturation in dense canopies remained evident, especially above 150–200 Mg 
ha− 1, where optical indices and Sentinel-1 C-band backscatter plateaued (Lucas et al., 2020). Data fusion widened the responsive 
range, but high-biomass underestimation persists and would likely be reduced with L-band SAR (ALOS-2 PALSAR) or spaceborne 
LiDAR coverage. The use of Sentinel-1 was driven by accessibility, revisit time and reproducibility for large-area monitoring, yet future 
inclusion of L-band or forthcoming P-band missions (BIOMASS) would better capture tall, closed mangroves. Model transferability is 
also conditioned by plot data and allometries from western/central Sarawak; as noted by Pham et al. (2020), models trained in one 
ecological setting may not perform equally in Avicennia-dominated or more disturbed zones. Although 245 plots represented a broad 
structural gradient, accessibility bias may still underrepresent remote stands; the near-zero Moran's I suggests limited spatial auto
correlation, but a denser, spatially stratified plot network would strengthen regional applicability. Classification errors were 
concentrated along ecological boundaries where freshwater swamp, agroforestry and Nypa-rich zones had overlapping spectral re
sponses, reflected in mangrove precision of ~86.5%. Ancillary layers such as elevation or tidal-flooding frequency could improve 
separability in such areas. Sentinel 10 m resolution clearly improved on older global products, yet narrow or highly fragmented 
fringing mangroves may still be missed; very-high-resolution sensors (PlanetScope, WorldView-3) would reduce this gap. The use of 
single-date composites limited phenological discrimination; multi-seasonal stacks would help separate evergreen mangroves from 
deciduous or mixed intertidal vegetation. Overall, saturation, spatial transferability, edge confusion and spatial resolution define the 
main avenues for refinement. Despite these limitations, the present uncertainty level is sufficient for several policy-facing uses. The 10 
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m mangrove extent map, classification uncertainty layer, and AGB surface can support restoration prioritisation, identification of 
high-biomass conservation zones, screening of degraded or regenerating stands, and state-level planning for blue-carbon monitoring. 
The results are also suitable for improving Tier 2-style emission-factor updates where locally calibrated biomass estimates are pref
erable to broad default values, particularly when aggregated across districts or management units. However, plot-level carbon ac
counting, project-scale crediting, legal boundary decisions, and verification of high-value restoration or offset projects still require 
additional ground calibration, repeated field measurements, and where possible, structural data from LiDAR or longer-wavelength 
SAR. Thus, the framework is most appropriate for regional stratification and decision support, while site-specific carbon claims 
should remain supported by field-based validation.

4.2. Future directions and implications

Advances in mangrove monitoring will come from pairing current SAR–optical fusion with structural sensors. Integrating LiDAR (e. 
g. GEDI) would directly constrain canopy height and reduce biomass saturation in dense stands (Lucas et al., 2020), while upcoming 
L-band missions such as NISAR will improve sensitivity to mangrove structure. Hyperspectral data coupled with LiDAR can sharpen 
species-level mapping and support species-specific biomass estimation (Fan et al., 2024), and wider availability of missions such as 
PRISMA and SBGM will make such workflows more routine. Time-series use of Sentinel-1/2 at 5–12-day intervals will enable tracking 
of mangrove loss, storm impacts and recovery. High-resolution AGB layers developed here provide a credible basis for national carbon 
accounting, including Malaysia's NDCs and potential REDD + mechanisms, given the high carbon density of mangroves (Bunting et al., 
2022). Mapping high-AGB zones supports conservation prioritisation, while low-AGB or regenerating areas can be targeted for Sar
awak's ongoing mangrove restoration (~10,000 ha). With Asia holding ~38% of global mangroves (Rahman et al., 2024), replicating 
an open-data plus machine-learning workflow offers a practical pathway to a regional biomass monitoring network. Comprehensive 
blue-carbon accounting will ultimately require integration of belowground and soil carbon, which can store carbon over centennial 
scales; strategies that couple above- and below-ground pools and recognise long-term sequestration are therefore preferable (Rani 
et al., 2023). Beyond climate mitigation, the biomass maps provide spatial proxies for ecosystem services coastal protection, nurs
ery habitat and biodiversity, supporting broader coastal-zone planning.

5. Conclusion

This study provides the first high-resolution (10 m) mapping of mangrove extent and AGB in Sarawak, Malaysia, using fused 
Sentinel-1 SAR and Sentinel-2 optical data with an XGBoost machine learning approach. The classification achieved an overall ac
curacy of 88.8% (κ = 0.776), while AGB estimation, evaluated using held-out out-of-fold predictions across all field plots (n = 245), 
attained R2 = 0.72, RMSE = 28.59 Mg ha− 1, and MAE = 20.80 Mg ha− 1 (r = 0.85). The mapped mangrove extent of 1078.7 km2 and 
spatially explicit AGB distribution capture the structural heterogeneity across species and sites, with high-biomass zones exceeding 
200 Mg ha− 1. Model interpretability analysis (SHAP) identified structural variables (e.g., VH backscatter, canopy height proxies) and 
vegetation indices (NDVI, NDMI) as the most influential predictors, while uncertainty assessment through repeated resampling and 
cross-validation enhanced the reliability of predictions. These outputs establish a robust baseline for blue carbon accounting in Sar
awak. These outputs establish a robust baseline for blue carbon accounting in Sarawak. In practical MRV terms, the mapped extent and 
AGB layers can be incorporated into agency workflows as annually refreshable emission-factor surfaces, allowing local biomass es
timates to update default or static values at district or management-unit scale. The 10 m grid also provides a spatial change-detection 
layer through which mangrove loss, degradation, regeneration, or restoration gains can be tracked repeatedly using updated Sentinel- 
1/Sentinel-2 composites. Such outputs can help agencies move from broad inventory reporting toward spatially explicit monitoring, 
where changes in mangrove area and biomass are linked to conservation priorities, restoration planning, and carbon-accounting 
updates. The findings have direct policy relevance: high-biomass areas can be prioritised for conservation under Malaysia's Nation
ally Determined Contributions (NDCs) and potential REDD + projects, while low-biomass zones can be targeted for restoration.The 
findings have direct policy relevance: high-biomass areas can be prioritised for conservation under Malaysia's Nationally Determined 
Contributions (NDCs) and potential REDD + projects, while low-biomass zones can be targeted for restoration. The open-data, open- 
tool methodology offers a cost-effective and transferable framework for mangrove biomass monitoring in other Southeast Asian 
countries hosting ~38% of the world's mangroves. Future work should integrate LiDAR (GEDI), multi-seasonal imagery, and finer- 
resolution sensors to improve performance in dense stands and fragmented areas and extend ground sampling to under-represented 
regions. Including belowground carbon pools, as emphasised by Rani et al. (2023), will further enhance the completeness of blue 
carbon assessments.
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