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ABSTRACT

Mangrove forests provide critical ecosystem services, yet global declines have accelerated under combined
anthropogenic pressure and climate variability. Identifying which environmental and accessibility gradients are
most strongly associated with canopy disturbance is important for monitoring and management. Here, multi-
decadal Landsat time series (1990-2023) were analysed to map mangrove disturbance in Sarawak, Malaysia,
using Landsat-based temporal segmentation (LandTrendr) of the Normalized Burn Ratio (NBR) and the
Normalized Difference Moisture Index (NDMI). Bin-stratified logistic regression models were fitted to quantify
associations between disturbance occurrence and event-year anomalies in climate (precipitation, shortwave
radiation, minimum temperature, vapour pressure deficit), canopy condition proxies (kernel NDVI, kNDVI),
satellite/model-derived productivity (net primary productivity, NPP), and anthropogenic accessibility (distance
to roads, open water, mangrove edge, and built-up intensity). Disturbance area and patch density increased
abruptly after 2010, with most mapped events being small (<3 ha) and spatially dispersed. In a model-based
dominance analysis (dominant linear-predictor contribution by group), the largest share of disturbed pixels
was most strongly associated with productivity/greenness anomalies (~51.6% of the filtered disturbed foot-
print), followed by climate anomalies (~26.6%) and anthropogenic accessibility (~21.8%). Negative KNDVI
anomalies were associated with substantially lower odds of disturbance (odds ratio ~ 0.097), whereas positive
NPP anomalies were associated with higher odds (OR ~ 1.31). Brighter and drier-than-average conditions
(higher shortwave radiation and positive precipitation anomaly, as defined here) corresponded to higher
disturbance odds, while cooler night-time conditions were associated with lower odds. Among accessibility
covariates, proximity to roads showed a strong association with higher disturbance probability, whereas built-up
intensity was not significant after accounting for distance gradients. Overall, the results provide an association-
based framework for prioritising monitoring and management by jointly considering climate variability, canopy-
condition signals, and access corridors.

1. Introduction

remarkable; waterlogged soils allow mangrove forests to convert carbon
dioxide to organic carbon up to four times more efficiently than many

Mangrove forests are among the most productive and valuable eco-
systems on Earth. They occupy tropical and subtropical coastlines and
estuaries, forming biodiversity hotspots and delivering essential services
to human societies. Recent syntheses highlight that mangroves sustain
coastal fisheries. Approximately 4.1 million small-scale fishers operate
primarily in mangrove areas (Ghosh et al., 2022), and mangroves act as
natural buffers that reduce storm damage, saving an estimated USD 65
billion in property damage and shielding 15 million people from
flooding annually (Hu et al., 2023). Their blue carbon potential is
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terrestrial forests, resulting in global storage of about 22.86 gigatons of
CO2, 87 % of which resides in soils (Araya-Lopez et al., 2023). Degra-
dation of mangroves, therefore, has disproportionate consequences for
climate mitigation (Sun et al., 2023), while the loss of habitat un-
dermines fisheries, coastal protection, and cultural livelihoods. Recog-
nizing their importance, international frameworks such as the United
Nations Decade on Ecosystem Restoration and the Global Mangrove
Alliance set ambitious targets to halt further loss, restore 4000 km? of
mangroves by 2030, and double protected area coverage (Husna et al.,
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2023).

Despite these initiatives, mangrove ecosystems continue to decline.
Remote sensing assessments estimate that 25-50 % of global mangrove
area has been lost since 1980 (Schiirholz et al., 2023), and approxi-
mately 30 % has been lost in the past four decades (Sun et al., 2023).
Eleven of the world’s 70 mangrove species, 16%, are now threatened
with extinction (Dermawan et al., 2024). The primary drivers of this
decline are anthropogenic: conversion for aquaculture, oil palm culti-
vation, and rice cultivation caused 43% of global mangrove loss between
2000 and 2020. Aquaculture alone accounted for around 31 % of losses
during 2000-2010, though its importance declined to 21 % in
2010-2020 as oil palm conversion increased from 4 % to 14 % (Gou
et al.,, 2024). In addition to aquaculture and agricultural expansion,
mangroves have also been converted or degraded by coastal develop-
ment linked to tourism, including the construction and operation of
resort and recreational infrastructure and associated activities (Blanton
et al., 2024; Singgalen, 2022). Natural retraction due to sea-level rise,
coastal erosion, and other climate-change impacts contributed to
another 26 % of losses (Bennett et al., 2024), reflecting the rising in-
fluence of climate on mangrove persistence. These drivers vary by re-
gion; South and Southeast Asia remain the global epicenter of
anthropogenic mangrove loss, where aquaculture accounts for 35 % of
regional loss and natural retraction 17 %, whereas oil-palm and rice
conversion are also significant (Wang et al., 2024). The intensifying
frequency of extreme events and sea-level rise further threatens
mangrove resilience by increasing natural retraction (Dong et al., 2024).

Advances in remote sensing have revolutionized our ability to map
and monitor ecosystems and their dynamics (Anees et al., 2024a;
Mehmood et al., 2024b). Traditionally, mangrove inventories relied on
manual interpretation of aerial photographs; however, the proliferation
of multispectral and radar satellite data has enabled global mapping at
resolutions of 10-30 meters. LandTrendr and related Landsat time-series
algorithms can detect abrupt spectral trajectory changes consistent with
disturbance and recovery dynamics, while synthetic aperture radar can
capture canopy structure and hydroperiod/inundation signals (Kennedy
et al., 2010; Zhu and Woodcock, 2014). A 2024 FAO manual outlines
how optical, radar, LiDAR, and uncrewed aerial systems can be com-
bined to monitor mangroves at fine scales (Mugiraneza et al., 2020). At
the same time, machine learning approaches are enhancing classifica-
tion accuracy (Anees et al., 2024b, 2025¢c; Mehmood et al., 2024a). For
example, a UNet++ deep learning model was applied to Sentinel-2 data
to monitor mangroves in the United Arab Emirates, achieving a mean
Intersection-over-Union score of 87.8%. They noted that the global
mangrove area had declined by 25-50% since 1980 (Pasquarella et al.,
2022) and emphasized that deep learning methods outperform tradi-
tional classifiers (Gelabert et al., 2021). Such progress underscores the
promise of automated disturbance detection; yet most studies focus on
mapping mangrove extent/cover (or broad vegetation/land-cover clas-
ses) rather than linking disturbance events to their underlying climatic
and socio-economic drivers (Anees et al., 2025a).

The drivers of mangrove loss in Sarawak, Malaysia, remain poorly
understood, despite the state harboring some of Borneo’s most extensive
mangrove stands. Existing global and regional analyses highlight that
anthropogenic activities, particularly aquaculture and agriculture,
dominate the loss in Southeast Asia (Anees et al., 2025b, 2025d; Khan
et al., 2024, 2025; Pérez et al., 2022; Shahzad et al., 2025a; Shahzad
et al., 2025b; Xiong et al., 2024), but they seldom disentangle the
relative roles of climate variability, productivity anomalies, and acces-
sibility in driving fine-scale disturbance. Moreover, while
machine-learning and time-series techniques have been used to classify
mangrove cover, few studies have quantified how climate anomalies
(precipitation, temperature, and radiation), net primary productivity,
and human proximity interact to influence the likelihood of disturbance
(Mehmood et al., 2024c). Addressing this gap is crucial for climate
adaptation and the design of targeted conservation measures.

This study aims to fill that gap by combining multidecadal Landsat

Trees, Forests and People 26 (2026) 101326

time series, high-resolution climatic and productivity data, and
anthropogenic covariates to identify and interpret mangrove distur-
bances in Sarawak. Specifically, our objectives were (1) to map the
spatial and temporal patterns of mangrove disturbance using a Land-
Trendr segmentation of Normalized Burn Ratio (NBR) and Normalized
Difference Moisture Index (NDMI) time series; (2) to quantify the rela-
tive contributions of climatic anomalies, productivity anomalies and
anthropogenic factors to disturbance probability using logistic regres-
sion and dominance analyses; and (3) to assess how these drivers vary
across time-since-disturbance and along gradients of accessibility. By
linking remote sensing to ecological processes, this work provides a
comprehensive framework to understand mangrove vulnerability and
informs management strategies for conserving these critical ecosystems.

2. Methods and materials
2.1. Study area

The study domain encompasses the mangrove belt of Sarawak,
Malaysia Borneo, along the South China Sea, spanning approximately
1.5-5.0° N and 109.6-114.4° E (centroid =~ 3.0° N, 113.0° E) (Fig. 1).
Mangroves fringe a series of tide-influenced estuaries and deltas,
including the Rajang-Igan-Saribas complex in the southwest and the
Baram system in the northeast, set within a low-relief coastal plain
dissected by distributary channels and tidal creeks (Alam et al., 2012).
Substrates are dominantly fine alluvium and peat-rich muds that favor
Rhizophora-Bruguiera forest mosaics, with Avicennia, Sonneratia, and
Nypa fruticans occupying more open, fluvial, and upstream brackish
reaches (Lestari et al., 2024; Wolswijk et al., 2020). Climatically, Sar-
awak is characterized as equatorial-monsoonal, with consistently warm
temperatures and high humidity. Seasonal shifts in cloudiness and
rainfall generate pronounced variability in shortwave radiation and at-
mospheric dryness (VPD), which in turn modulate canopy condition and
productivity (Mehmood et al.,, 2025a; Mitra et al., 2023, 2025c).
Freshwater and sediment inputs from large river catchments maintain
estuarine gradients and drive along-shore heterogeneity in salinity,
turbidity, and nutrient supply. The human footprint is spatially het-
erogeneous across the coastal zone: protected areas and state lands occur
alongside rapidly modified production landscapes. High-resolution im-
agery indicates dense road development and extensive plantation/a-
gricultural matrices in parts of Sarawak’s coastal plain (e.g., in the
broader Bintulu region), generating strong accessibility gradients and
edge fragmentation within and around mangrove stands. These
socio-ecological contrasts are expressed at landscape scales relevant to
patch formation, edge dynamics, and early regrowth.

Sarawak was selected because it is ecologically consequential, its
mangroves support fisheries, shoreline protection, and carbon storage
across intense exposure and freshwater gradients (FAO, 2023). It also
offers a realistic interface between climatic vulnerability (radiation and
moisture anomalies) and anthropogenic pressure (selective extraction,
small-scale clearing, aquaculture), typically producing small, dispersed
disturbance patches (Songsom et al., 2019). Finally, heterogeneous
governance of protected areas alongside working landscapes enable
policy-relevant contrasts in susceptibility and recovery. Together, these
features make Sarawak a diagnostically rich and generalizable setting
for identifying where and when mangrove canopies are most vulnerable.

2.2. Datasets and pre-processing

Analyses were confined to a mangrove footprint sourced from Global
Mangrove Watch (GMW; v3.0, 2020 epoch) (Bunting et al., 2022) and
rasterised to a common 30 m WGS-84 grid; this grid served as the
reference for all layers, with non-mangrove pixels set to NA. Landsat
Collection-2 Surface Reflectance (TM/ETM+/OLI/OLI-2) scenes
(1990-2023) were composited for the core growing season (20 June-20
September) after QA removal of clouds, shadows, and cirrus, together



A.Q. Alidin et al.

Malaysia

Study Area

] Malyasia P P S TN

0 25 50 75 100 km

Trees, Forests and People 26 (2026) 101326

Matu
DEV)

Sibu

”l\uchmg

Samarahan
Bau

' 3 Elevation (Meters)

0 1,567

Fig. 1. Location of the study area in Sarawak, Malaysia. The inset situates Sarawak within Malaysia, highlighting the study area. The main panel maps coastal
districts and labels key administrative units; district boundaries are shown with red dashed lines.

with NDWI-based water screening (Li et al., 2013). Annual
robust-median composites yielded kernel NDVI (kNDVI) and the sup-
porting indices Normalized Difference Moisture Index (NDMI) and
Normalized Burn Ratio (NBR), all aligned to the 30 m grid (Wang et al.,
2024). Net primary productivity (NPP) was obtained from MODIS
MOD17A3HGF (500 m, 2000-2023), quality-filtered, and bilinearly
resampled to the common 30 m grid for joint analysis.

Climatic covariates included shortwave radiation (SRAD), maximum
temperature (TMAX), minimum temperature (TMIN), vapour pressure
deficit (VPD), vapour pressure (VAP), precipitation (PR), climatic water
deficit (DEF), and 10 m wind speed (VS), compiled from TerraClimate
and ERA5-Land (Abatzoglou et al., 2018). Monthly fields were aggre-
gated to annual growing season means, with sums used for precipitation
and climatic water deficit, and then reprojected and resampled to the 30
m analysis grid. These variables were subsequently expressed as stand-
ardised interannual anomalies (z-scores) relative to the 1990-2023
climatology (Mehmood et al., 2025b) (Table S1). Because the native
climate grids are substantially coarser than the Landsat-based analysis
grid, resampling to 30 m was performed only to ensure spatial
co-registration and consistent extraction within the mangrove mask; it
did not increase the intrinsic spatial detail of the climate data. Accord-
ingly, the climatic predictors were interpreted as broad-scale back-
ground forcings rather than as fine-scale microclimatic measurements,
and any unresolved local heterogeneity is acknowledged as a limitation
of the analysis. Anthropogenic context combined the Global Human
Settlement Layer (GHSL) built-up and population grids with proximity
surfaces derived from OpenStreetMap features; Euclidean
distance-to-feature rasters (in metres) to the nearest road and settlement
were computed on the 30 m grid within the mangrove analysis mask
(mangrove extent intersected with the Sarawak coastal study boundary)
and log-transformed (Anees et al., 2025a). Harmonisation used bilinear
resampling for continuous fields and nearest-neighbour resampling for
categorical or binary layers, and pixels lacking sufficient valid obser-
vations were excluded. LandTrendr summarised disturbance timing and
shape using segment metrics, including year of disturbance, magnitude,
duration, and the pre-disturbance baseline level of the stable segment

immediately preceding change, derived from the annual NBR and NDMI
stacks. Patches were then regularised using a minimum mapping unit of
approximately 1 ha (Bunting et al., 2018, 2023). Finally, ridge/GAM
coefficient surfaces were separated by effect direction (adverse versus
beneficial, based on coefficient sign with respect to reduced canopy
greenness or reduced estimated productivity), and the adverse-direction
components were aggregated and min—-max scaled within the mangrove
mask to produce continuous vulnerability rasters for greenness (kNDVI)
and estimated productivity (NPP), which were used in subsequent
summaries and hotspot analyses. Fig. 2 summarises the end-to-end
workflow from data harmonisation and seasonal compositing through
disturbance detection, model-based attribution, and climate-response
vulnerability mapping to derive management-ready spatial products.

2.3. Persistent degradation mapping with landsat-landtrendr
(1990-2023)

Annual degradation layers were derived from Landsat Collection-2
Surface Reflectance (TM, ETM+, OLIL, and OLI-2) data spanning the
years 1990-2023. Yearly medians were generated within a fixed sea-
sonal window (20 June-20 September) after removing clouds and
shadows based on QA bands and masking per-scene inundation using the
NDWI index (Gelabert et al., 2021). Two structure- and
moisture-sensitive indices were selected for analysis (Kennedy et al.,
2018) (Eq. (1) & 2).

NBR = /NiR — Pswirz 'eh)
PN T Pswir2

NDMI — PNR ~ Pswirt. )
PN T Pswirt
Time-series trajectories were segmented with LandTrendr using the
following settings: maxSegment = 7, spikeThreshold = 0.95, vertex-
CountOvershoot = 4, preventOneYearRecovery = true, recoveryThres-
hold = 0.33, pvalThreshold = 0.05, bestModelProportion = 0.85, and
minObservationsNeeded = 6. These parameters were selected after
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Fig. 2. Workflow for diagnosing mangrove canopy degradation and climate sensitivity in Sarawak.

systematic testing of alternative configurations to balance specificity
and stability in tidally influenced mangroves (Kennedy et al., 2018)
(Table S2). The adopted configuration suppresses one-year artefacts,
limits over-segmentation, and preserves multi-episode disturbance tra-
jectories. From the fitted trajectories, per-pixel year of detection (YOD),
magnitude of change (|Al|), duration, and pre-event index level (I;.)
were extracted. Because objective was to map persistent mangrove
degradation (i.e., canopy loss or sustained decline that does not recover
over the short-to-intermediate term), an explicit persistence criterion
was applied. This design intentionally excludes short-lived disturbances
followed by rapid recovery (e.g., brief defoliation or transient sed-
iment/water effects) and therefore the resulting layer should be inter-
preted as persistent/ongoing degradation (or likely loss), not as a
complete inventory of all mangrove disturbances. A pixel was classified

as persistently degraded when both indices satisfied |AI| > 200, dura-
tion < 4 years, I, > 300, and a persistence condition requiring that
index recovery during the subsequent three years remained below 70%
of the pre-event value, consistent with non-recovery over the evaluation
window (Kennedy et al., 2010; Qiu et al., 2023). The earliest breakpoint
meeting these conditions was recorded as YOD. Spatial filtering was
applied through an 8-neighbour connected-component rule with a
minimum mapping unit of 11 pixels (~1 ha). Retained patches carried
four attributes: YOD, |Al|, duration, and I,.. (Mugiraneza et al., 2020).

Robustness was assessed by perturbing disturbance thresholds
(£20% on |All; duration < 5 years), widening the seasonal compositing
window (May-November), and testing single-index variants. In addi-
tion, sensitivity to LandTrendr control parameters was evaluated by
varying each setting individually and as a combined recommended
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configuration (Ding and Li, 2023). These trials confirmed the stability of
degraded area estimates and timing (Table S3). Accuracy evaluation
followed a stratified, area-weighted sampling design that combined
mapped class (persistently degraded/non-degraded), disturbance
magnitude, and geomorphic sector. Each sample was interpreted in
relation to time-adjacent Sentinel-2 and high-resolution basemaps, with
the interpreter's confidence level recorded. The full reference sampling
scheme is detailed in Table S4. Area-adjusted users’ and producers’
accuracies were derived from the comparison, and year-of-detection
agreement was assessed by comparing mapped and reference YOD
values (Wang et al., 2023). The area-adjusted confusion matrix is pro-
vided in Table S5. All analyses were restricted to a strict 0/1 mangrove
mask. The binary mask was aligned to the LandTrendr grid using
nearest-neighbour resampling and converted to 1/NA format to prevent
class bleed. Total mangrove area on the analysis grid was 1114.7 km?,
consistent with the native mask (drift = 0.04%).

Patch metrics were computed annually. For each year, the unfiltered
set comprised all mangrove pixels with YOD equal to that year. Binary
rasters were generated, and patches were delineated using 8-neighbour
connectivity. Three metrics were derived: (i) disturbed area (km?), (ii)
patch density (patches km™ relative to mangrove area), and (iii) mean
patch size (ha). A filtered series was also derived by applying minimum
thresholds (magnitude > mangrove-wide 75th percentile, duration < 2
years, patch size > 3 pixels). Pre- and post-2010 summaries were
compiled, and monotonic trends in annual disturbed area share (% of
mangrove extent) were evaluated using Kendall’s t (Liu et al., 2023).
Time-since-disturbance (TSD) classes were additionally mapped to
distinguish recent (< 3 years), intermediate (4-7 years), and older (> 8
years) events, with area shares summarized in Figure S1.

2.4. Drivers of degradation: covariates, sampling, and modelling

All predictors were co-registered to the LandTrendr grid (WGS-84;
native Landsat 30 m) and clipped with a strict 1/NA mangrove mask.
Continuous rasters used bilinear resampling and classes were aligned on
their native grid before masking. Disturbance inputs comprised the
earliest filtered YOD and an ever-disturbed mask; “stable” pixels are
those with no disturbance during 1991-2023. Annual stacks
(2001-2023) were summarized as long-term means for DEF, PR, SRAD,
TMAX, TMIN, VAP, VPD, and VS. kNDVI and MODIS NPP were likewise
averaged over 2001-2023. Built-environment pressure was represented
by GHSL-derived mean built-up intensity (BU). Proximity covariates
were Euclidean distances to roads (D_ROAD), open water (D_WATER),
and the mangrove edge (D_EDGE), entered as In(1 + d) to temper
leverage. Event-time conditions and anomalies were extracted at the
disturbance year t, for disturbed samples (Gou et al., 2024). For each
variable X, the anomaly was defined as the deviation between the
long-term mean and the event-year value (Eq. (3)).

AX = Xoo01-2023 — X 3

Positive AX therefore indicates that the event-year value is below its
long-term mean (e.g., APR > 0 denotes drier-than-average conditions at
tp). The resulting predictor set comprised climatic anomalies (ADEF,
APR, ASRAD, ATMAX, ATMIN, AVAP, AVPD, AVS), productivity
anomalies (AKNDVI, ANPP), BU, and transformed distances In(1 +

DROAD), In (1 + D_.WATER), In (1 + D_EDGE). For stable samples, a
pseudo-event year tywas used solely for extracting anomalies to ensure
temporal comparability (Wang et al., 2024).

A balanced sample was drawn within the mangrove mask using two
strata: Disturbed pixels flagged by the filtered disturbance mask, with t,
given by the earliest filtered YOD; and Stable pixels with no disturbance
over 1991-2023. Samples inheriting any missing predictor after mask-
ing/alignment were excluded. Disturbance timing was stratified into
five intervals to reflect the post-2010 escalation while preserving
adequate sample sizes in early years: < 2009, 2010-2012, 2013-2016,
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2017-2019, and 2020-2023. The pre-2010 interval was kept broad due
to sparse early events; where the 2006-2009 share exceeded 5% of
disturbed pixels, this interval was split into < 2005 and 2006-2009.
Stable samples were assigned a bin-midpoint pseudo-year for anomaly
extraction (2007 for < 2009; 2011, 2014, 2018, 2022 for subsequent
bins). Disturbed samples always used their actual t, from the earliest
filtered YOD.

2.4.1. Statistical model and evaluation
Binary outcomes (disturbed vs. stable) were modelled using logistic
regression with bin fixed effects (Mihi et al., 2022) (Eq. (4)),

Pr(disturbed) = logit™ (@ + X + 74n), (4)

where xcontains the standardised predictors listed above. Predictors
were z-scored before fitting so that coefficients are on a comparable
scale. Model skill was assessed with 5-fold stratified cross-validation
(strata = class x bin), reporting the area under the ROC curve (AUC)
(Bey et al., 2020; Szeghalmy and Fazekas, 2023). To reduce leakage
from spatial autocorrelation, spatial block cross-validation was addi-
tionally conducted. The mangrove domain was tessellated into ~10 km
square blocks in a projected, metric coordinate reference system (CRS);
k = 5folds were assigned at the block level, so each held-out fold formed
a contiguous geographic unit. All tuning and evaluation were nested in
this scheme. Block-CV AUC refers to AUC computed from predictions
evaluated on held-out spatial blocks (i.e., out-of-block validation), and is
reported as the primary discrimination metric, alongside Brier score and
calibration intercept/slope (Fig. S4). Coefficients are presented as odds
ratios with 95% Wald intervals (Tables S6a-S6b).

For interpretation, contributions to the linear predictor §x; were
summed within three groups: Climate (ADEF — AVS), Productivity
(AKNDVI, ANPP), and Anthropogenic (BU, In(1+D_ROAD), In
(1+D_WATER), In(1+D_EDGE). The group with the largest positive
contribution in the sample was labelled the dominant driver; ties or non-
positive totals were marked neutral. These labels facilitate the subse-
quent mapping of dominant-driver zones by a majority vote within
disturbed patches.

2.5. Climate-productivity response and vulnerability

Analyses utilized the same reference grid and mangrove mask
described above. All annual stacks were co-registered, clipped, and
reduced to their common temporal overlap, with pixels exhibiting zero
temporal variance being excluded. Let Y; denote kKNDVI or NPP at pixel i
and year t; let Xj; denote the eight climate forcings (j € DEF, PR,SRAD,
TMAX, TMIN, VAP, VPD, VS}). To place effects on a comparable, unitless
scale, each series was standardised per pixel across time (Eq. (5)).
’Y?;:Yi *1@7 }”(;;:int_xj.i )

Sy Sx;.

so, coefficients are elasticities: the change (in SD, i.e., standard de-
viations, of Y) per one-SD change in a covariate, conditional on the
others. Pixel-wise ridge regression estimated simultaneous linear effects
of the eight forcings on productivity (Eq. (6)).

2
30) = argrin, (y - z)?,-,-tﬁ,-) b alpe ©
teT; j
yielding coefficient maps B; and goodness-of-fit (Eq. (7)).
ViV =
Et(Nir)z (Yi = 0)
>o(Ye — Vi)
To avoid confusion with the disturbance-probability model in
Section 2.4.1, the climate-productivity analysis was not fitted using

R =1- @)
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logistic regression. Instead, pixel-wise ridge regression was used for
continuous responses (kKNDVI and NPP), and the regularisation param-
eter (\) was selected by 5-fold cross-validation using mean squared error
(MSE). To stabilize estimates under collinearity (PR-VPD-SRAD), A was
chosen by 5-fold cross-validation along the time axis on a random subset
of pixels; the selected 1* was then applied to all pixels for each response.
Potential nonlinearity was assessed with a complementary spatiotem-
poral generalized additive model (GAM) fitted on a stratified panel
(sampled pixels, all years) (Eq. (8)).

Yi=a+ ZSJ(}?;:) +5(x;, y1) + €ie (8)
Jj

where s;(-)are thin-plate splines (moderate basis; smoothing parameters
estimated by restricted maximum likelihood, REML) and s(x,y)absorbs
broad spatial structure. Partial-effect curves s; (with pointwise intervals)
provide distribution-free evidence for thresholds or saturation beyond
the linear ridge elasticities. Generalization of the GAM partial effects
was quantified using 5-fold spatial block cross-validation (~10 km) on
the sampled panel (Yang et al., 2012). Pixel IDs were grouped by block
and all years for a pixel were kept within the same fold. From out-of-fold
predictions RMSE, R2?, calibration intercept/slope, and 95%
prediction-interval coverage were summarized.

Vulnerability was derived by aggregating ridge elasticities in the
expected harm direction. For pixel i (Eq. (9)).

B
Annual disturbed area within mangroves (1991-2023)

Filtered — Unfiltered
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V= Zmax(o,ﬁj) + Zmax(o7 —E;) 9)
JjeH jeH™

with H* = {SRAD, VPD, DEF, TMAX, VS} and H- = {PR, VAP, TMIN}.

This raw score was min-max scaled over the mangrove domain (Eq.

(10)).

Vi=——2——— €0,1] (10)

producing continuous greenness and productivity vulnerability surfaces.
Pixels lacking sufficient temporal support remain NA.

3. Results

3.1. Mangrove disturbance trajectories (1991-2023): from low activity
to fragmented peaks

Within the mapped mangrove extent of 1114.7 km?, the LandTrendr
results indicate a marked increase in disturbance after 2010 (Fig. 3A).
Across 1991-2023, the unfiltered cumulative disturbed area was 132.49
km?, representing 11.89% of the mapped mangrove area. Before 2010,
disturbance totalled 22.38 km? (2.01%) across 3360 patches, with an
aggregate density of 3.01 patches km= and a mean patch size of 0.67 ha.
From 2010 to 2023, disturbed area increased to 110.11 km? (9.88%)
across 4726 patches, with patch density rising to 4.24 patches km= and

Patch density over time
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Fig. 3. Composite panels (A-D): (A) annual disturbed area (% of mangroves) with post-2010 shading; (B) patch density (per 100 km?); (C) mean patch size (ha); and
(D) pre- versus post-2010 summaries of area share and patch density for the unfiltered and filtered series. “Unfiltered” denotes all LandTrendr detections meeting the
base change criteria, whereas “filtered” denotes detections retained after applying light post-processing constraints (magnitude > Q75, duration < 2 years, and

minimum patch size > 3 pixels) to reduce small or short-lived artefacts.
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mean patch size to 2.33 ha. The annual disturbed-area share increased
significantly through time (t = 0.617, p = 4.8 x 107"), with distinct
peaks in 2017-2018 and persistently elevated levels through 2023
(Fig. 3A-B). Applying light post-processing filters (mag > Q75, dur < 2
yr, and patch size > 3 px) reduced the cumulative disturbed area to
28.02 km? (2.51%), but the temporal pattern remained unchanged.
Under the filtered series, disturbance totalled 2.78 km? (0.25%) during
1991-2009 and 25.24 km? (2.26%) during 2010-2023, with a continued
upward trend over time (t = 0.545, p = 8.7 x 107°). Patch density
increased alongside disturbed area, whereas mean patch size remained
relatively small, generally around 1-3 ha during the more active years
(Fig. 3C). This pattern indicates that the post-2010 increase was char-
acterised mainly by a greater number of relatively small disturbance
patches rather than by a small number of large clearings. The contrast
between the pre-2010 and post-2010 periods is summarised in Fig. 3D
for both the unfiltered and filtered series. Sensitivity analyses further
showed that disturbed area and patch counts were stable across alter-
native parameterisations, with AYOD ~ 0 and Jaccard agreement > 0.90
between the baseline disturbance mask and those generated under
alternative thresholds and settings (Table S2).

3.1.1. Time-since-disturbance (TSD)

The time-since-disturbance (TSD) analysis showed that 39.22 km? of
mangroves (3.52% of the mapped extent) were disturbed within the last
3 years, 35.98 km? (3.23%) were disturbed 4-7 years ago, and 57.30 km?
(5.14%) were disturbed 8 or more years ago. Together, these classes sum
to 132.49 km?, equivalent to 11.89% of the mapped mangrove area.
Disturbance within the last 7 years accounted for 6.75% of the mangrove
extent, consistent with the post-2010 increase shown by the annual
patch metrics (Fig. 3A-D). TSD was calculated from the earliest filtered
year-of-disturbance (YOD) surface. The classed TSD map is presented in
Fig. 4A, the corresponding area shares are shown in Figure S1, and the
continuous TSD raster is provided in Fig. 4B These results add a temporal
dimension to the patch analysis by showing how the disturbed area is
distributed across recent, intermediate, and older disturbance classes. In
this study, the <3 year, 4-7 year, and >8-year categories are used as
operational classes of disturbance recency rather than as direct evidence
of ecological succession, recovery stage, or long-term degradation sta-
tus. The TSD results therefore provide a concise temporal summary of
disturbance patterns across the mangrove domain and complement the
area- and patch-based trends presented above. Their main value lies in
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supporting temporal characterization of disturbance and helping to
identify where disturbance has occurred more recently versus where it
reflects older events.

Independent visual interpretation supported the reliability of the
mapped degradation patterns. The stratified reference dataset (Table S5)
yielded an overall accuracy of 0.865 (95% CI: 0.835-0.892), with user’s
and producer’s accuracies for the degraded class close to 0.8 and a
median YOD deviation of O years. These results are consistent with dual-
index LandTrendr applications in humid, tidally influenced mangroves
and indicate that the observed post-2010 increase reflects a stable
disturbance signal rather than a parameterisation artefact.

3.2. Drivers of mangrove degradation: model performance and covariate

effects

Disturbance probability was modeled using a bin-stratified logistic
regression with standardized climatic and productivity anomalies (A
variables), mean built-up intensity, and In-transformed distance cova-
riates. The model showed intense discrimination (5-fold CV AUC =
0.908 + 0.004; Fig. 5A) and comparable skill across disturbance-timing
bins (<2005: 0.909; 2006-2010: 0.923; 2011-2016: 0.910; >2017:
0.888; Table S6a). Cross-validated predictions displayed well-separated
probability distributions for stable versus disturbed samples (Fig. 5B),
supporting interpretation of the fitted coefficients. Standardized odds
ratios (OR; per-SD change) indicate that the strongest associations
(predictive effects) were with productivity anomalies and a subset of
climatic variables (Fig. 6; Table S6b). The kNDVI anomaly was the
strongest predictor in absolute terms (OR = 0.097, 95% CL:
0.088-0.107), with lower disturbance odds associated with greener-
than-average conditions and higher odds associated with greenness
deficits around the event year. The NPP anomaly increased disturbance
odds (OR = 1.307, 1.216-1.405). Among climate years that were drier
than average (APR > 0) and brighter (ASRAD) were associated with
higher odds (APR OR = 1.229, 1.102-1.370; ASRAD OR = 1.482,
1.320-1.665 Cooler nighttime conditions (ATMIN) appeared to be
protective (OR = 0.804, 0.658-0.982), while other atmospheric terms
(AVPD, AVAP, ATMAX) were not significant. Within anthropogenic
pressures, accessibility showed the most precise pattern: odds of
disturbance decreased steeply with distance to roads (In (1 + D_ROAD)
OR = 0.380, 0.356-0.405), whereas distance to open water and to the
mangrove edge showed more modest positive associations (In (1 +

110°E 112°E
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Time-since-disturbance (TSD) A
= = |
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110°E 112°E
96 128 160 km

Fig. 4. Time-since-disturbance (TSD) in mangroves, reference year 2023. (A) Classed TSD showing pixels disturbed within <3 years, 4-7 years, and >8 years; pixels
with no mapped disturbance during 1991-2023 are left blank, and non-mangrove areas are masked. (B) Continuous TSD (0-32 years; 0 = events in 2023, larger
values = older events) rendered with a linear colour ramp. Both panels share the LandTrendr analysis grid, extent, and projection.
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Table S6b, attribution of dominant drivers.

D_WATER) OR = 1.204, 1.132-1.280; In (1 + D_EDGE) OR = 1.185,
1.112-1.264). Mean built-up intensity (BU) was not significant after
controlling for distances and other covariates (OR = 1.023, p = 0.470).

Aggregating per-sample contributions (-x) by group reveals that
Productivity provided the dominant positive contribution for the ma-
jority of disturbed samples (56.3%), while Anthropogenic and Climate
contributions each dominated approximately 22% (Fig. 7; Table Séc,
S6d). The composition evolved through time: in the <2005 stratum,
contributions were comparatively balanced (Productivity 38%,
Anthropogenic 36%, Climate 26%); 2006-2010 saw Productivity

strengthen (54%) with a still-substantial Anthropogenic share (31%); by
2011-2016, Productivity dominated (64%) with Climate secondary
(29%) and a reduced Anthropogenic fraction (7%); in >2017, Produc-
tivity remained the leading contributor (69%) while Climate (18%) and
Anthropogenic (13%) played more minor roles. The analysis indicates
that canopy-condition departures (productivity anomalies captured by
kNDVI and NPP) are the primary proximate signature of mangrove
degradation events, with dry, high-radiation anomaly patterns acting as
consistent secondary climatic co-factors. Anthropogenic influence is
most clearly expressed via proximity to roads, a strong spatial gradient
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Fig. 7. Dominant drivers of mangrove disturbance. (A) Overall share of disturbed samples attributed to the dominant driver group. (B) Composition of dominant
drivers by disturbance timing (year-of-detection; YOD). The dominant driver at each sample is the group with the most significant positive contribution to the logistic

model’s linear predictor (sum of B-x across variables within group).

that is more prominent in earlier events and remains detectable
thereafter.

Using the pixel-wise dominant-driver map (Figure S2) restricted to
the filtered disturbed footprint, productivity accounts for 14.46 km?
(51.6%) of disturbed mangroves, climate for 7.46 km? (26.6%), and
anthropogenic factors for 6.10 km? (21.8%), summing to 28.02 km? (i.e.,
the filtered cumulative disturbed area). These areal shares closely reflect
the sample-level attribution (productivity ~56%, climate/anthropo-
genic ~22% each), reinforcing that departures in canopy productivity at
the event year are the dominant proximate signature of disturbance,
with secondary climatic and localized anthropogenic influences.

3.3. Climate-productivity sensitivity and spatial dominance

Interannual climate variability was related to mangrove productivity
using ridge regression. The ridge penalty was tuned by 5-fold cross-
validation across years and mean squared error (MSE) was used only
for this tuning step. Cross-validated MSE decreased monotonically with
stronger regularisation within the tested A range and reached its mini-
mum at the upper bound of the search grid for both responses (A = 5).
This pattern is consistent with the use of ridge regularisation under
collinearity among climate predictors. The minimum MSE was 0.795 for
NPP and 1.03 for kNDVI (Table S7; Fig. 8). Accordingly, ridge co-
efficients were mapped using A = 5.
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Fig. 8. Cross-validated mean squared error (MSE) used to tune the penalty parameter in the ridge-regression models relating interannual climate variability to KNDVI
and NPP. This figure refers to ridge-regression tuning only, not to the logistic regression used for disturbance probability in Section 3.2. For both responses, MSE
decreased monotonically within the tested A range and reached its minimum at A = 5.
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3.4. Non-linear climate-productivity responses (GAMs)

Spatial generalized additive models (GAMs) were fitted to per-pixel
standardised annual anomalies (z-scores; Eq. (5)), so both the climate
covariates and the response are expressed in SD units. Fig. 9 shows GAM
partial effects: in each panel, the x-axis is the standardised anomaly of a
given climate covariate, and the y-axis is the centred smooth contribu-
tion s;j(-)to the fitted kKNDVI anomaly, conditional on the other cova-
riates and the spatial smooth. Spatial GAMs fitted to annual anomalies
showed that all climate smooths and the spatial term were highly sig-
nificant. The model for KNDVI explained ~11% of variance (adj. R* =
0.109; deviance explained = 10.9%), while the NPP model explained
~40% (adj. R? = 0.401; deviance explained = 40.1%) (Fig. 9). Partial
effects are broadly consistent with the notion that greenness is water-
and heat-sensitive at this site. Greenness increases with wetter years
(PR; monotonic 1) and decreases with brighter years (SRAD; monotonic
1). Climatic water deficit (DEF) shows a convex shape, little change at
low anomalies, gains toward moderate moisture availability, then a
decline at the driest end, indicating sensitivity under extreme dryness.
Both temperature terms are adverse overall: TMIN is decreasing
strongly, and TMAX exhibits a U-shape with a trough near minor posi-
tive anomalies, implying penalties from warm nights and from very hot
days. VAP declines (higher moisture associated with slightly lower
greenness in these standardized units), whereas VPD exhibits a peaked
response (improvements from low to moderate VPD, then losses at
higher dryness). Wind speed (VS) shows a shallow, weakly U-shaped
response.

Trees, Forests and People 26 (2026) 101326

relationships, annual growing-season climate anomalies were also
summarised at the mangrove-domain scale for 2001-2023 (Figure S4 &
S5). The supplementary analysis shows that climatically anomalous
years were characterised by varying combinations of moisture, radia-
tion, temperature, and atmospheric-demand anomalies rather than by a
single persistent dry-condition signal. This supports a cautious inter-
pretation of the NPP response curves: the positive response to shortwave
radiation, vapour-pressure deficit, and climatic water deficit within part
of the observed range should be interpreted as a context-dependent
response under specific anomalous years, rather than as evidence that
drier conditions are uniformly favourable for mangrove productivity.
Patterns indicate more substantial energy limitation. Modelled NPP
increases sharply with SRAD (strong monotonic 1) and, within the
observed range, rises with VPD and DEF (positive, concave responses),
suggesting productivity gains in brighter, drier-air years until very high
moisture deficits (Fig. 10). Precipitation (PR) is weakly non-linear with a
shallow trough near average conditions. Both temperature terms are
predominantly negative (especially TMAX), indicating heat stress on
productivity. Vapour pressure (VAP) shows a U-shape with a minimum
near average anomalies, and 10 m wind speed (VS) is mildly negative to
flat. Together, these responses complement the disturbance-risk anal-
ysis: years that were brighter and relatively dry tended to (i) heighten
disturbance odds and (ii) depress canopy greenness (kNDVI), while NPP
appeared more energy-limited, benefitting from light and (up to a point)
dry-air conditions but penalized by heat. Axes in the partial plots are in
SD units (x: climate anomaly; y: centered smooth effect), so shapes
emphasize direction and non-linearity rather than absolute magnitudes.

To provide additional context for the climate-productivity
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Fig. 9. Climate—productivity response of canopy greenness (GAM partial effects). Partial effects from the spatial GAM fitted to annual kNDVI anomalies (2001-2023;
mangrove mask). Each panel shows the smooth term for one standardised climate anomaly (z-score; x-axis in SD units) and its centred partial effect on the fitted
kNDVI anomaly (y-axis), with shaded +2 SE ribbons. Climate covariates are: climatic water deficit (DEF), precipitation (PR), shortwave radiation (SRAD), maximum
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tation, where the trailing value denotes the effective degrees of freedom (edf) of the smooth. The bottom-right panel shows the fitted spatial smooth s(x,y), rep-

resenting residual spatial structure not explained by the climate covariates.
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Fig. 10. Climate-productivity response of modelled net primary production. As mentioned above, the GAM was fitted to annual NPP anomalies (2001-2023).
Smoothed lines depict non-linear effects of standardized climate anomalies; ribbons are +2 SE. The spatial smooth s(x,y)is shown bottom-right.

3.5. Spatial dominance of climate controls on productivity

Dominance maps identify the climate variable with the most
considerable absolute effect (|B|) at each pixel and the direction of that
effect (Fig. 11). For kNDVI, minimum temperature (TMIN) is the most
frequent dominant control (24.4% of mangrove area; 271.1 km?), fol-
lowed by shortwave radiation (SRAD; 14.5%; 160.6 km?) and vapour-
pressure deficit (VPD; 13.7%; 151.8 km?) (Table S8). Dominant-sign
maps indicate that the prevailing kKNDVI response is negative (68.6%
of area), consistent with greenness losses under cooler nights, brighter
years, and higher atmospheric dryness (Table S10). The combined code
map (sign x index) shows that the single largest kNDVI category is
negative TMIN (code —5; 232.7 km?), followed by negative VPD (-7;
122.0 km?) and negative SRAD (—3; 93.7 km?) (Table S12). In contrast,
NPP is overwhelmingly energy-limited spatially, with SRAD dominating
69.3% of the mangrove area (694.5 km?), followed by TMIN at 12.0%
(120.1 km?) (Table S9). The dominant sign is positive for 90.5% of the
area (Table S11), and the single largest category is positive SRAD (+43;
691.8 km?) (Table S13). Together, these patterns echo the GAM partials:
greenness is broadly sensitive to dry/bright/cool-night stress, whereas
NPP increases with light and warmer nights across most mangroves, but
declines with heat extremes elsewhere.

3.6. Vulnerability of mangrove canopy greenness and productivity to
interannual climate forcing

Greenness vulnerability v;, is low to moderate on averag (mean =
0.28; median = 0.27; Table S17), with a distinctly right-skewed distri-
bution. Most canopy falls below 0.4 (82.3%: 0-0.2 = 28.2%; 0.2-0.4 =
54.1%), while only 1.8% exceeds 0.6 and 0.1% exceeds 0.8 (Table S14:
Fig. 12A-B). The quantile view corroborates a long, thin upper tail: each
lower quartile contributes ~25%, whereas the upper decile alone ac-
counts for ~10% of the area (Table S15). Spatial attribution clarifies the
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climatic pathways of sensitivity: pixels where TMIN dominates the
kNDVI response occupy the largest share (271.1 km?), followed by SRAD
(160.6 km?) and VPD (151.8 km?) (Table S16). Taken together, these
results indicate that most mangrove canopy exhibits low-to-moderate
greenness vulnerability, while a comparatively small fraction of the
domain concentrates higher vulnerability values and is spatially asso-
ciated with areas where TMIN-, SRAD-, and VPD-linked responses
dominate (Tables S14-S16; Fig. 12A-B).

By contrast, NPP vulnerability is higher and centered in the mid-
range of the 0-1 scaled vulnerability index, with a mean of 0.470 and
amedian of 0.483 (Table S21). Class totals peak at 0.4-0.6 (59.4%), with
a further 14.0% at 0.6-0.8; very low (<0.2) and very high (>0.8) classes
are rare (3.5% and 0.3%, respectively) (Table S18: Fig. 12C-D). Quan-
tiles are near-uniform through the median (~25% each) but then
concentrate into the upper tail (Q75-Q90: 15.0%; Q90-Q100: 10.0%)
(Table S19). SRAD dominates the NPP response across most of the
footprint (694.5 km?), with TMIN contributing the second-largest share
(120.1 km?) (Table S20). This contrast with greenness indicates partial
decoupling between canopy structure and carbon flux under year-to-
year forcing. Foliage density remains comparatively buffered, while
productivity responds more elastically to interannual energy variation,
particularly under clear-sky, high-irradiance summers that also elevate
atmospheric demand. The joint picture is therefore one of widespread
structural stability with localized sensitivity to greenness, overlaid by a
basin-wide propensity for NPP fluctuations driven by radiation, an
attribution that helps explain why productivity “moves” more than the
canopy and highlights where monitoring should prioritize combined
SRAD-VPD extremes. Classified versions of the vulnerability analysis,
including quantile bins and equal-width bins, are provided in the Sup-
plementary Figure S3 A-B for kKNDVI and S3 C-D for NPP, com-
plementing Fig. 12 with cartography suited to area accounting and
cross-metric comparison.
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3.7. Uncertainty quantification and spatial robustness

Uncertainty was quantified and spatial robustness evaluated through
three complementary steps: (i) 5-fold spatial block cross-validation
(~10 km blocks) to assess predictive skill; (ii) pixel-level sign-cer-
tainty and dominance-certainty diagnostics derived from the ridge
elasticities to identify directionally reliable and dominant drivers; and
(iii) construction of a high-certainty vulnerability index (harm-direction
aggregation) normalized to [0,1]. Held-out performance indicated
RMSE/R? of 0.93/0.10 for kNDVI and 0.76/0.40 for NPP, with near-
ideal calibration (Table S21-S22). After applying a strict sign-certainty
threshold (> 0.975), spatial patterns were coherent: for kNDVI, confi-
dently harmful responses were led by TMIN (13.1% of the mangrove
domain), while confidently protective responses were largest for TMAX
(16.1%); for NPP, confidently harmful responses were dominated by
SRAD (44.5%), and protective responses were led by TMIN (6.5%). Full
per-driver shares and areas are reported in (Tables S23-S24). Dominant-
driver labels were restricted to dominance certainty > 0.95; as intended,
extents are small but robust. SRAD dominates NPP over 2.81% (=~ 31.3
km?), whereas TMIN is the leading dominant class for KNDVI but covers
< 0.2% (=~ 1.6 km?). Distributions of dominance are summarized in
Table S25. The high-certainty vulnerability index shows a heavier upper
tail for NPP than kNDVI: exceedance areas at the q95 threshold are ~
55.6 km? (kNDVI) and ~ 50.1 km? (NPP), and only ~ 0.1% of area at-
tains > 0.70 in either case (Table S26). Taken together, these diagnostics
indicate stronger energy-limitation sensitivity in productivity (SRAD/

12

TMIN signals) and mixed energy-water controls in greenness (Fig. 13).
4. Discussion
4.1. Temporal patterns and disturbance characteristics

LandTrendr ridge modelling indicates that mangrove disturbance in
Sarawak accelerated after 2010, with abrupt increases in both disturbed
area and patch density. Disturbances were typically minor (~1-3 ha)
and spatially diffuse and, together with the strong accessibility gradients
reported in the covariate analysis (e.g., proximity to roads), are
consistent with localised, access-mediated disturbance and/or land-use
pressures; however, the present analysis does not allow definitive
attribution of individual events to specific causes (Section 3.1). Large
tropical-cyclone-scale disturbances are uncommon at these latitudes,
but non-cyclone wind events, hydrological/geomorphic change, and
local conversion processes may all contribute to the observed distur-
bance signal. It is important to distinguish association from cause in our
modelling results. The dominant-driver map identifies the covariate
group with the largest contribution to the fitted disturbance log-odds
and should not be interpreted as causal attribution. kNDVI and NPP
anomalies are proximate canopy-condition proxies that integrate mul-
tiple stressors around the time of change; thus, their predictive strength
reflects canopy sensitivity rather than implying that productivity
“drives” disturbance. Time-since-disturbance maps indicated that ~6.8
% of the mangrove area had been disturbed in the seven years preceding
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Fig. 12. Climate-driven vulnerability of mangrove canopy greenness and productivity and corresponding hotspots. (A) Greenness vulnerability (kNDVI, 0-1) and (C)
productivity vulnerability (NPP, 0-1), where higher values indicate greater sensitivity to interannual climate forcing; non-mangrove areas are masked (dark
background). (B, D) Q90 hotspots derived from the respective continuous surfaces: green pixels mark the top decile within the mangrove mask, red pixels denote non-
hotspot mangrove pixels. The color ramp for (A, C) runs from low (0, green) to high (1, red). All panels share a common extent, projection (WGS 84 geographic), and

scale bar.

2020. Such fragmentation resembles the pattern of protracted cumula-
tive loss observed in global change analyses. Thomas et al. (2017) re-
ported that anthropogenic activity affected 37.8% of radar/Landsat tiles
globally from 1996 to 2010 and that conversion of mangroves to
aquaculture/agriculture was the most frequent cause (11.2% of tiles),
with Southeast Asia comprising nearly half of these occurrences. This
regional concentration of small-patch losses is consistent with our
finding of numerous minor disturbances in Sarawak. However, our
dominance analysis does not attribute causes; it summarises which co-
variate group contributes most to the fitted disturbance probability for
disturbed pixels. In this sense, productivity/greenness anomalies ac-
count for the largest share of dominant contributions (approximately
half of disturbed pixels), indicating that canopy-condition signals
around the event year are strongly informative of where disturbance is
detected. These anomalies are best interpreted as proximate canopy
responses that may arise from multiple pathways, including
access-mediated conversion as well as climate and resource variability,
rather than as evidence that “productivity causes” disturbance (Sippo
et al., 2018).

4.2. Climate and productivity drivers

The logistic regression identified four climatic anomalies, precipi-
tation, shortwave radiation (SRAD), vapour pressure deficit (VPD), and
minimum temperature, as significant predictors of disturbance proba-
bility. Drier and brighter conditions (positive precipitation anomaly
implying drier months and high SRAD anomaly) markedly increased
disturbance odds (odds ratios ~1.23 and 1.48 respectively), whereas
cooler night-time temperatures reduced odds (Table S6b). Disturbances
were also more likely when net primary productivity (NPP) anomalies

13

were positive (OR~1.31), but greenness anomalies were negative
(OR~0.097) (Zinnert et al., 2021). These patterns can be interpreted
through the lens of mangrove ecophysiology.

In tropical mangroves, the wet season supports canopy development
and productivity, whereas the dry season brings physiological stress. A
flux study in an eastern Amazon mangrove showed that NDVI declined
from ~0.75 in the wet season to ~0.69 in the dry season; during dry
periods, high incident radiation coupled with reduced precipitation led
to leaf abscission and declines in leaf area index (Freire et al., 2022).
Photosynthesis and respiration peaks occurred in the wet season due to
high rainfall and cloudiness, which lowered radiation stress (Asbridge
et al., 2018). Our finding that positive SRAD anomalies increase
disturbance probability aligns with this energy-limited scenario; exces-
sive radiation exacerbates drought stress and can induce defoliation,
making stands more detectable by LandTrendr.

Rainfall exerts a dominant influence on mangrove phenology and
productivity. A phenology study in southern Thailand concluded that
high rainfall increased mangrove growth, while decreased rainfall led to
increased salinity and reduced net productivity (Songsom et al., 2019).
In this study, positive precipitation anomalies (indicating a preceding
dry period) were associated with higher odds of disturbance, suggesting
that water stress triggers leaf loss or dieback, which LandTrendr mis-
classifies as disturbance. The adverse effect of cooler night-time tem-
perature anomalies mirrors observations from subtropical mangrove
carbon flux studies, where warmer nocturnal temperatures drove
respiration rates above 4 pmol CO> m™ s™! (Raw et al., 2023); cooler
nights suppress respiration and thus may buffer the canopy against
carbon imbalance and leaf senescence.

The strong positive effect of NPP anomalies, yet the adverse effect of
greenness anomalies, might appear counterintuitive, but it underscores
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Fig. 13. Uncertainty diagnostics for climate—productivity responses. (A) Binary mask of TMIN— kNDVI sign certainty at > 0.95; (B) binary mask of SRAD—NPP sign
certainty at > 0.975; (C) coefficient standard error SE(B_TMIN) for kKNDVI (z-units); (D) SE(B_SRAD) for NPP (z-units). Masks show where the effect direction is
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the decoupling between photosynthetic carbon assimilation and canopy
greenness under stress (Gandhi and Jones, 2019). High NPP anomalies
may reflect short bursts of productivity following nutrient pulses (e.g.,
monsoonal flooding), which can be accompanied by subsequent leaf
turnover. Greenness anomalies, on the other hand, capture the structural
canopy state. Globally, precipitation is the dominant driver of interan-
nual variability in plant productivity (Adame et al., 2021), and our re-
sults reinforce that water-availability anomalies modulate mangrove
NPP. However, SRAD explained the largest share of productivity vari-
ance in our ridge regression, indicating an energy-limited system where
radiant energy, rather than water, constrains productivity for much of
the year (Thomas et al., 2017). This explains why high SRAD anomalies
are associated with disturbance: sudden increases in radiation may
exceed the photosynthetic optimum, inducing photoinhibition and
canopy stress. The dominance of SRAD in the NPP vulnerability surfaces
is consistent with an energy-limited signal in which interannual varia-
tion in incoming radiation exerts a strong constraint on carbon uptake,
even where canopy greenness remains comparatively buffered. This
pattern implies a partial decoupling between canopy structural condi-
tion (kNDVI) and carbon flux (NPP) under year-to-year forcing, and it
motivates monitoring that jointly considers radiation and
atmospheric-demand extremes (e.g., SRAD-VPD co-occurrence) when
anticipating productivity downturns.

4.3. Anthropogenic drivers and their interactions
Among anthropogenic covariates, road distance exerted the most

substantial effect: sites closer to roads had substantially higher odds of
disturbance (OR~0.29 per SD increase), whereas built-up intensity was
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not significant. Distances to water and to mangrove edges also showed
positive associations with disturbance, indicating that accessibility from
waterways and edges facilitates human entry. These findings align with
global patterns, where infrastructure expansion often underpins
mangrove deforestation. The Food and Agriculture Organization esti-
mates that aquaculture development drove 27 % of global mangrove loss
between 2000 and 2020, while natural retraction accounted for 26 %; oil
palm and rice cultivation each contributed about 8 % (FAO, 2023).
Southeast Asia, where most of Sarawak’s mangroves occur, experienced
~68 % of global loss during 2000-2010 and ~54 % during 2010-2020
(Mitra et al., 2023). Thomas et al. (2017) showed that anthropogenic
conversion, mainly for aquaculture and agriculture (oil palm, rice), was
the predominant cause of loss in the region. Built-up intensity was not a
significant predictor, consistent with the remoteness of Sarawak’s
mangroves. By contrast, road corridors enable access to remote stands,
facilitating the expansion of logging and aquaculture. As aquaculture
booms recede, oil-palm cultivation has become a more prominent driver
(Yaseen et al.,, 2023), which may explain the post-2010 surge in
disturbance area and patch density.

The synergy between climate stress and anthropogenic activity is
noteworthy. Dry periods with high SRAD anomalies not only weaken
mangrove health but also coincide with low river discharge, making
coastlines more accessible for fuelwood collection or clearing (Hagger
et al.,, 2022). When high NPP anomalies attract human exploitation
(for charcoal or timber), subsequent climate stress may intensify canopy
loss, creating the small patches detected (Duke et al., 2017). The ridge
regression indicated that climate and anthropogenic variables jointly
explained ~44% of the disturbance, highlighting that socio-ecological
dynamics, rather than single factors, drive mangrove degradation.
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Observing similar patterns globally, Friess et al. (2019) argued that
economic incentives for shrimp farming and oil-palm cultivation often
outweigh long-term ecosystem service benefits, leading to high con-
version rates despite existing protection measures.

4.4. Implications for management and conservation

The results call for integrated management strategies that address
both climatic vulnerability and anthropogenic pressures. The domi-
nance of productivity and greenness anomalies as immediate drivers
implies that remote sensing can serve as an early warning system:
detecting anomalously high SRAD or extended dry spells may help
predict potential dieback events (Gerona-Daga and Salmo, 2022).
Management agencies should focus on maintaining hydrological con-
nectivity and shade to buffer mangroves against radiation stress. Con-
servation efforts must also prioritize access control, limit road
construction, and regulate waterways to reduce human entry into
vulnerable stands. The strong influence of distance to road on distur-
bance probability underscores the importance of spatial planning;
establishing exclusion zones around core mangrove areas and promoting
alternative livelihood opportunities could lessen the impetus for
encroachment. Given that national-level governance alone has proven
insufficient to curb mangrove loss (Lopez-Angarita et al., 2016).
Decentralized or community-based management may be better suited
for Sarawak’s context.

Climate change compounds these challenges. The FAO notes that
climate impacts sea-level rise, rainfall variability, and increased storm
severity have already tripled the area of mangroves lost to natural di-
sasters in recent decades (Vogt et al., 2019). Our finding that climate
anomalies account for roughly one-fifth of the disturbance probability
suggests that adaptation measures (e.g., facilitating the inland migration
of mangroves, restoring degraded edges) are essential. Protecting large
contiguous mangrove tracts, which exhibited lower disturbance proba-
bility, will enhance resilience by enabling natural recovery and
providing refugia (Jayanthi et al., 2023). Finally, global comparison
underscores the need for international cooperation: Sarawak’s trends
mirror broader Southeast Asian patterns of small-patch losses driven by
aquaculture, agriculture, and climate extremes (FAO and UNEP, 2020).
By integrating local monitoring with global initiatives (e.g., Sustainable
Development Goal 14 and the Mangrove Restoration Potential), Sar-
awak can contribute to reversing regional decline.

4.5. Limitations and future research

Analyses relied on Landsat-based disturbance detection and logistic
models, which, despite high AUC values (~0.91), may misclassify events
such as canopy thinning, natural senescence, or post-disturbance re-
covery as disturbances. Furthermore, the climatological anomalies were
derived from coarse (0.05-0.25°) products, potentially smoothing
micro-climatic variations that influence mangrove physiology. Future
work should incorporate high-resolution climatic data and field mea-
surements of salinity, nutrients, and tidal inundation to refine causal
relationships. Exploring machine-learning models that account for
nonlinear interactions between climate, productivity, and socioeco-
nomic variables may improve predictive performance. Socioeconomic
surveys could elucidate the motivations behind local harvesting activ-
ities and guide targeted interventions. Ultimately, longitudinal studies
that link disturbance detection to subsequent regrowth will be crucial
for evaluating the resilience and recovery potential of Sarawak’s man-
groves under a changing climate.

5. Conclusion
Since 2010, Sarawak’s mangroves have undergone frequent,

spatially fragmented degradation: disturbed area and patch density rose
sharply, yet typical events remained small (~1-3 ha), indicating
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dispersed, localised change rather than a few catastrophic clearances.
This trajectory is corroborated by robust time-series metrics and sensi-
tivity checks, with cumulative disturbed area concentrated post-2010
and sustained peaks through 2017-2023. Event-year anomalies in can-
opy condition emerge as the dominant proximate signal of mapped
disturbance: greenness anomalies are strongly associated with lower
disturbance odds, whereas positive NPP anomalies are associated with
higher odds; among climate covariates, brighter and drier-than-average
years correspond to higher disturbance odds, while cooler nights appear
protective. Accessibility strongly modulates where these signals coin-
cide with mapped disturbance, with proximity to roads showing a
consistent association with higher disturbance probability, whereas
built-up intensity is comparatively uninformative after accounting for
distance gradients.

With respect to causes, our results support an interpretation of pre-
dominantly access-mediated, small-patch disturbance occurring in a
landscape where canopy condition is sensitive to interannual climate
variability; however, the analysis does not directly classify post-
disturbance land use and therefore cannot quantify the fraction attrib-
utable to specific processes (e.g., conversion to aquaculture/agriculture,
infrastructure expansion, or storm/geomorphic impacts). Even so, the
combination of fragmented patch geometry and strong road-proximity
gradients is consistent with incremental human encroachment and
conversion pressures, while the climate-canopy relationships indicate
that anomalously bright and dry seasons may heighten susceptibility
and reduce recovery capacity in affected stands.

These findings offer an operational template for management. Pri-
ority should be given to recently disturbed sites, where edge instability
and early successional stages are most likely, paired with targeted access
control along roads and waterways and routine surveillance of seasonal
radiation-dryness anomalies as an early-warning layer. By linking
multi-decadal Landsat segmentation to event-year anomalies and spatial
accessibility, this study provides a transferable framework for diag-
nosing where and when mangrove canopies are most vulnerable and for
guiding monitoring, enforcement, and restoration planning across Sar-
awak and comparable deltas.
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