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ABSTRACT

Mangrove forests fringe many tropical coastlines and provide important ecological and economic benefits, but
they remain vulnerable to land conversion. This study analyzed the spatio-temporal dynamics of mangrove cover
in Ketapang District, South Lampung Regency, Indonesia, between 2018 and 2026 using Sentinel-2 Level-2A
imagery and a Random Forest (RF) classifier implemented in Google Earth Engine. Thirteen predictors were used:
nine Sentinel-2 bands (B2, B3, B4, B5, B6, B7, BS, B11 and B12) and four spectral indices (NDVI, MNDWI,
NDRE and NDTI). Five land cover classes (mangrove vegetation, non-mangrove vegetation, fish ponds, open
land and water bodies) were mapped for 2018, 2020, 2022, 2024 and 2026. Against reference data interpreted
from very-high-resolution imagery (2018-2024) and collected by field ground-truthing (2026), overall accuracy
ranged from 91.79% to 96.34% and kappa from 0.89 to 0.95; error-adjusted areas with 95% confidence intervals
were estimated from the error matrices. The SWIR-2 band (B12) had the highest Gini importance in every year.
Mapped mangrove area increased from 196.64 ha in 2018 to 267.97 ha in 2026 (+71.33 ha), and the error-adjusted
increase was 82.05 + 13.42 ha. Decomposition of change showed that in 2018-2020 a small net change (+6.35
ha, within the classification uncertainty) was accompanied by a swap of 59.95 ha (30.48% of the 2018 mangrove
area), whereas over the four intervals gross loss decreased from 29.97 to 18.88 ha and persistence increased from
84.76% to 92.70%. Overlay with the official rehabilitation sites (129.00 ha planted in 2020-2023) showed that the
net increase occurred almost entirely within these sites (+80.83 ha, compared with —9.47 ha outside them) and that
their share of the gross gain rose from 16.0% before the main planting to 58.3—77.5% in 2020-2024; this spatial as-
sociation is consistent with a substantial contribution of rehabilitation planting, although causality was not tested.
The results show how frequent Sentinel-2 mapping combined with transition analysis and uncertainty estimation
can support the monitoring of mangrove rehabilitation.
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INTRODUCTION

Coastal wetlands are changing rapidly world-
wide under pressure from human activities and
climate change, and these changes have become
a major concern for coastal management (Sharma
etal., 2026; Thant et al., 2025). Mangrove ecosys-
tems are essential for the health and productivity
of coastal habitats (Akram et al., 2023). They play

an important role in the global carbon cycle and in
coastal protection: most of their carbon is stored
in anoxic sediments where decomposition is slow,
and they can store three to five times more carbon
per hectare than terrestrial forests (Donato et al.,
2011). Indonesia holds more than 2.9 million ha
of mangroves, approximately 21% of the global
total, and is therefore one of the largest reservoirs
of coastal blue carbon (Murdiyarso et al., 2015).
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Despite this, Indonesia has experienced sub-
stantial mangrove losses. Mangrove habitats con-
tinue to be fragmented and degraded through con-
version to aquaculture, the construction of coastal
infrastructure and other activities that alter coastal
hydrology (Hagger et al., 2025; Zhao et al., 2026).
The loss of mangroves also reduces the natural pro-
tection they provide against storm surges and tropi-
cal cyclones (Shokatianbeiragh et al., 2024). These
pressures have led to a growing number of rehabili-
tation and restoration initiatives that aim to return
degraded stands to their original structure, function
and species composition (Lovelock et al., 2022;
Mohan et al., 2024). According to the Ministry of
Forestry of the Republic of Indonesia (MoF, 2025),
Lampung Province has 10,797 ha of mangroves, of
which approximately 450 ha are degraded.

Remote sensing overcomes many practical
limitations of field surveys and allows effective,
repeated and long-term monitoring of large coast-
al areas (Ghorbanian et al., 2021). Combined with
GIS, it has been used for decades to monitor land
cover change and shoreline dynamics in coastal
zones and mangrove forests (Pham et al., 2019),
and missions such as Landsat and Sentinel-2 en-
able the long-term monitoring of these ecosys-
tems (Goldberg et al., 2020). The combination of
Sentinel-2 imagery, spectral indices and a Ran-
dom Forest (RF) classifier has repeatedly pro-
duced accurate mangrove maps and detailed de-
scriptions of land cover transitions (Ahmad et al.,
2023; Wang et al., 2025). However, most Indone-
sian studies of mangrove dynamics rely on only
two or three observation dates that are irregularly
spaced in time, for example in Batam (Aunurrah-
man et al., 2023), West Kalimantan (Widiastuti
et al., 2024) and North Sumatra (Samsuri et al.,
2026). Such sparse observations may miss short-
term changes and spatial variations that become
detectable when observations are more regularly
distributed (Fallatah et al., 2026). A two-year in-
terval is frequent enough to capture vegetation es-
tablishment and human activities, while limiting
the influence of short-term seasonal variation.

Two further gaps limit the interpretation of
such studies. First, most studies report only class
areas and net change and ignore persistence,
gross gain, gross loss and swap, although a small
net change can conceal substantial turnover, for
example mangrove loss in one place offset by
gain elsewhere (Pontius et al., 2004). Second,
mapped areas are rarely reported together with
their uncertainty, although small changes may
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fall within the classification error (Olofsson et al.,
2014). Separating the components of change and
their uncertainty is relevant beyond description,
because it indicates where interventions should
be targeted and where rehabilitation zoning and
the protection of eroding shorelines are needed
(Goldberg et al., 2020; Su et al., 2021). Combin-
ing machine-learning classification with spatial
transition analysis can therefore support conser-
vation planning and the long-term provision of
mangrove ecosystem services (Roy et al., 2025).

Ketapang District in South Lampung Regency,
Indonesia, is a coastal area of strategic relevance:
part of it is designated as a high-conservation-
value zone under Indonesia’s Forestry and Other
Land Use (FOLU) Net Sink 2030 program (MoEF,
2022), and forest and land rehabilitation has been
carried out along its coast. In Lampung Province,
previous satellite-based studies have documented
mangrove decline driven by fish-pond expansion
(Kaskoyo et al., 2023), but no multi-date assess-
ment of mangrove dynamics in Ketapang District
is available. Compared with previous studies in
Lampung and elsewhere in Indonesia, this study
contributes (i) a consistent series of five Sentinel-2
maps at two-year intervals (2018-2026); (ii) the
decomposition of mangrove change into persis-
tence, gross gain, gross loss, net change and swap
for each interval; and (iii) error-adjusted area esti-
mates with 95% confidence intervals, which show
which of the mapped changes exceed the classifi-
cation uncertainty; and (iv) a comparison of man-
grove change inside and outside the official reha-
bilitation sites. The processing scripts, reference
samples and underlying calculations are provided
as supplementary material to allow independent
reproduction. The objectives of this research were
(1) to map five land cover classes using Sentinel-2
spectral bands and indices and assess the classifi-
cation accuracy and area uncertainty; and (2) to
quantify mangrove transition components (persis-
tence, gross gain, gross loss, net change and swap)
for the four two-year intervals and relate them to
the rehabilitation sites.

MATERIALS AND METHODS

Study site

This research was conducted in the coastal
area of Ketapang District, South Lampung Re-
gency, Lampung Province, Indonesia, located
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at approximately 105°45'-105°55'E and 5°38'—
5°50'S. The area of interest (AOI) was delineated
as a buffer of approximately 300 m around the
mangrove boundaries of the 2024 National Man-
grove Map (MoF, 2025) and covers 1,047.37 ha.
The buffer accommodates possible shifts of the
mangrove boundary during 2018-2026 and in-
cludes the surrounding transition zones that may
undergo land cover conversion. The research lo-
cation is shown in Figure 1.

Data processing and analysis

Data collection and pre-processing

The overall research workflow is shown in Fig-
ure 2. The primary data were Sentinel-2 Level-2A
(surface reflectance) images for 2018, 2020, 2022,
2024 and 2026, processed in Google Earth Engine
(GEE). For 2020-2026, each image is a per-pixel
median composite of all harmonized Sentinel-2A
and Sentinel-2B Level-2A scenes that intersected
the AOI (see Study Site) and were acquired between
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Figure 1. Study site in Ketapang District, South Lampung Regency, Lampung Province, Indonesia
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1 June and 30 August; this dry-season window was
used in every year to limit phenological, tidal and
cloud-related differences between years. Scenes
were pre-selected by scene-level cloud cover, and
the remaining clouds were masked pixel by pixel
with the s2cloudless cloud-probability product be-
fore compositing. Because cloud conditions dif-
fered between years, the cloud thresholds, cloud-
shadow masking and gap filling were set for each
year to obtain a complete, cloud-free composite of
the AOI (Table 1). The 2026 composite was gen-
erated after 30 August 2026, when all scenes of
the window were available. For 2018, the GEE
catalogue contains no Level-2A scenes of the study
area for the dry season, because Level-2A products
were not generated systematically for this region
before December 2018. A single Level-2A product
acquired on 18 August 2018 (processing baseline
05.00; Table 1) was therefore downloaded from
the Copernicus Data Space Ecosystem, its 20 m
bands were resampled to 10 m by bilinear interpo-
lation in QGIS, and the stacked image was upload-
ed to GEE. All images were converted to surface

reflectance (digital number/10,000) and placed on a
common 10 m grid (WGS 84/UTM zone 48S). For
20202026, the 20 m bands (B5, B6, B7, B11 and
B12) were assigned to this grid by nearest-neigh-
bor resampling (GEE default). Neither resampling
method adds spatial detail, so the effective resolu-
tion of these bands remains 20 m. Overlay analysis
and map layouts were produced in ArcMap 10.8
(Esri, Redlands, CA, USA), and accuracy and area
statistics were tabulated in Microsoft Excel.

Spectral features and index transformation

Thirteen predictor variables were combined
into one multiband dataset to improve the spectral
separation of the land cover classes and to reduce
spectral overlap between coastal land cover types.
Nine are surface reflectance bands: the visible
bands (B2, B3, B4), the red-edge bands (BS, B6,
B7), the near-infrared band (B8) and the short-
wave-infrared bands (B11, B12), selected for their
sensitivity to chlorophyll content, canopy struc-
ture and moisture. The remaining four are spectral
indices, whose formulas are given in Table 2.

Table 1. Sentinel-2 Level-2A input images and processing parameters of each year

Year Source Acqmsmon Scen_e cloud Pixel-level cloud masking Gap filling
window filter
Single Level-2A .
2018 product (CDSE) 18 Aug 2018 - — (single date) -
. . o . unmasked Jun—Aug median;
2020 GEE med_lan 1 Jun-30 Aug <10% sZcIoudIes§ > 20%; cloud Jun-Dec median: 7 x 7 focal
composite 2020 shadows; 50 m buffer mean
2022 GEE median 1Jun-30 Aug < 60% s2cloudless = 40% none
composite 2022
. s2cloudless > 40%; cloud
2024 GEE median 1Jun-30 Aug <60% shadows; 100 m buffer; none
composite 2024 .
quality-band cloud flags
2026 GEE meqlan 1 Jun-30 Aug <60% s2cloudless = 40% cloud-masked May—Aug 2026
composite 2026 median
Note: CDSE = Copernicus Data Space Ecosystem
Table 2. Spectral indices used as predictors
Spectral index Formula Function Source

Normalized Difference Vegetation

Index (NDVI) (B8 - B4)/ (B8 + B4)

Indicates the density and vigor of the

. Tucker & Sellers (1986)
vegetation canopy

Modified Normalized Difference

Water Index (MNDWI) (B3 -B11)/ (B3 +B11)

Enhances open water and inundated

fish ponds relative to land surfaces Xu (2006)

Normalized Difference Red-Edge

Index (NDRE) (B8 - B5) /(B8 + B5)

Sensitive to chlorophyll content;
improves the separation of
mangroves from other vegetation

Gitelson & Merzlyak
(1994)

Normalized Difference Turbidity

Index (NDTI) (B4 - B3)/ (B4 + B3)

where red reflectance exceeds green

Increases with water turbidity and
is also high for bright bare surfaces
reflectance; helps to distinguish Lacaux et al. (2007)
turbid water and open land from

vegetation and clear water
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Land cover classification

Five land cover classes were mapped: man-
grove vegetation, non-mangrove vegetation, fish
ponds, open land and water bodies. Training
samples were polygons digitized for each class
and year on the Sentinel-2 image of that year,
supported by very-high-resolution imagery in
Google Earth; all 10 m pixels within the polygons
were used as training pixels. At least 30 training
polygons were digitized for each class in each
year. RF was implemented in GEE (ee.Classifier.
smileRandomForest); the algorithm grows clas-
sification trees on bootstrap samples of the train-
ing pixels and assigns each pixel to the class that
receives the majority of the tree votes. The hy-
perparameters were fixed a priori on the basis of
the literature and were not tuned: number of trees
(ntree) = 500, at which the accuracy of RF land
cover classifications generally stabilizes (Belgiu
& Dragut, 2016); number of predictors tested
at each split (mtry) = 4, close to the square root
of the 13 predictors (Breiman, 2001); minimum
terminal-node size = 1 (GEE default); fraction of
the training pixels used for each tree = 0.5 (GEE
default); and a fixed random seed of 42. The same
settings were used in all years.

The classification was carried out in two stag-
es. First, a tentative model was trained on 70%
of the training polygons of each class (stratified
random split at the polygon level, seed 42) and
checked on the remaining 30%; the split was
made at the polygon level so that pixels of the
same polygon were never used for both train-
ing and checking. The tentative map was used
to check and, where necessary, revise the train-
ing polygons, and its classes served as strata for
the validation sampling. Because this check relies
on the same interpretation source as the training
data, it is not independent, and its results are not
reported as map accuracy; the validation samples
were not used in this step. Second, the final model
was trained on all training polygons and applied
to the whole image.

The final maps were post-processed with a
3 x 3 majority filter and with rule-based correc-
tions that address the confusion of fish ponds with
open water: fish-pond pixels farther than 300 m
from any land class, or farther than 500 m from
vegetated land (NDVI > 0.15), were reassigned
to water bodies; thin fish-pond strips removed
by a morphological opening (radius of 2 pixels)
and fish-pond patches smaller than 20 pixels (0.2

ha) were reassigned to water bodies (MNDWI >
0) or mangrove vegetation (MNDWI < 0); and
fish-pond pixels with more than 50% water bod-
ies within a radius of 3 pixels were reassigned to
water bodies. No manual editing was applied, and
the same rules were used for all years.

Validation samples were points generated by
stratified random sampling in ArcMap 10.8, with
the classes of the tentative map of each year as
strata. This design ensures that every class, in-
cluding classes of small area, is represented by
a sufficient number of samples, and it is recom-
mended for accuracy assessment and area esti-
mation (Olofsson et al., 2014). The points were
placed at random within each class, independently
of the training polygons, and their reference class
was determined separately from the training data.
Because the points were not generated outside the
training polygons, an individual point could fall
within a training polygon; such points were not
removed, so that the random design was kept un-
changed. For each class, the expected proportion
of these points equals the proportion of the class
area covered by training polygons. Each point
corresponds to one 10 m pixel. For 2018-2024,
the reference class of each point was determined
by visual interpretation of historical very-high-
resolution imagery in Google Earth Pro acquired
within the June—August window of each year (12
June 2018, 27 July 2020, 21 July 2022 and 30
June 2024), i.e. in the same season as the Sen-
tinel-2 images. The interpretation was based on
visual keys of tone, color, texture, shape, size and
context (e.g. dense, rough-textured canopy along
the shoreline and creeks for mangrove vegetation;
rectangular water-filled plots bounded by dikes
for fish ponds; smooth dark surfaces for water
bodies; and bright bare surfaces for open land).
For 2026, the 270 points were visited during field
ground-truthing between 10 and 30 June 2026,
i.e. within the period covered by the 2026 com-
posite. At each point, the dominant land cover of
the surrounding homogeneous area was recorded,
the position was measured with a handheld GPS
receiver (positional accuracy better than 7 m),
and photographs were taken. The number of vali-
dation points per class and year is reported with
the accuracy results.

ACCUI’GC)/ assessment

The final maps were compared with the
validation samples in a confusion matrix (rows:
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reference class; columns: mapped class), from
which user’s accuracy (UA), producer’s accu-
racy (PA), overall accuracy (OA) and the kappa
coefficient were calculated. No accuracy thresh-
old was used to accept or reject the final maps.
Because class areas taken directly from a map
are biased by classification errors, error-adjusted
areas and their 95% confidence intervals were es-
timated with the stratified estimator of Olofsson
et al. (2014), using the map classes as strata and

the mapped area proportions as weights. The un-
certainty of the change in mangrove area between
two dates was approximated as 1.96 x V(SE:2 +
SE-2?), where SE: and SE: are the standard errors
of the two error-adjusted areas, and a change was
considered to exceed the classification uncer-
tainty when its 95% confidence interval did not
include zero. Because the sampling strata were
defined by the tentative map rather than by the
final map, and the reference labels for 2018-2024

2024 Mangrove Map
(Ministry of Forestry of The Gmgle Earth Engine
Fepublic -:rf Ind-:rngma

Determmatmu of the Area of Senn.uel- Tmagery (2018.2020, . )
Interest (ACI) (mangrove area 2022.2024.2026) mage pre-processing
buffered by 300 m)
Corrected Sentine]-2 Z
Imagery /

v

B4, B7. B8 B1l,E12)

Single bandsz (B2, B3, B4, B3,

v

Index transformation
(KDVI. MNDWI. NDEE. NDTI

Training sample (Sentinel-2
imegery 2018, 2020, 2022, 2024,
2026)

Land cover classes: mangrove
vegetation, non-mangrove
vegetation, fish pends, open land,

and water bodies
Land cover clazsification (Random
Forest Clazsification)
Not met I
(reinterpretation) ¢ ‘L

2020, 2022, 2024

Tentztive land cover map 2018,

Google earth

Tentative land cover map 2024

Field data

Land cover map
2018, 2020, 2022, 20242026

Mangrove cover dynamics
analysis map

Figure 2. Research flow diagram
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were interpreted from imagery, these confidence
intervals should be regarded as approximate.

Mangrove transition analysis

The final maps of consecutive years were
cross-tabulated in ArcMap 10.8 to obtain tran-
sition matrices of all classes for the four inter-
vals 2018-2020, 2020-2022, 2022-2024 and
2024-2026. Following Pontius et al. (2004),
mangrove change in each interval was decom-
posed into five components: persistence (area
mapped as mangrove at both dates), gross gain
(other classes converted to mangrove), gross
loss (mangrove converted to other classes), net
change (gross gain — gross loss) and swap (2 x
the smaller of gross gain and gross loss). Swap
quantifies change that occurs simultaneously as
gain in some places and loss in others and there-
fore leaves the net area unchanged; a small net
change can thus conceal considerable turnover.
All components are expressed in hectares and as
a percentage of the mangrove area at the start of
the interval (e.g. swap in 2018-2020 =59.95 ha/
196.64 ha=30.48%). The transition components
are based on mapped areas; their uncertainty is
indicated by the error-adjusted area changes.
To relate the mapped change to rehabilitation,
the transition maps were overlaid (Identity tool,
ArcMap 10.8) with the forest and land reha-
bilitation polygons of the Ministry of Forestry
for 2020-2023, and persistence, gross gain and
gross loss were summarized inside each reha-
bilitation site and outside the rehabilitation sites.
The interval 2018-2020, which largely precedes
the planting, served as a reference for the period
before rehabilitation.

RESULTS AND DISCUSSION

Types and composition of mangrove
vegetation

Four mangrove species were recorded during
the 2026 field survey: Avicennia marina, Rhi-
zophora apiculata, Rhizophora stylosa and Rhi-
zophora mucronata (Figure 3). According to the
forest and land rehabilitation spatial data of the
Ministry of Forestry (Way Seputih Way Sekam-
pung Watershed Management Center, BPDAS
WSS), the Rhizophora stands originate from re-
habilitation planting carried out in 2020-2023.

A. marina is a pioneer species that can colonize
newly formed mudflats and tolerate hypersaline
conditions; its regeneration success and genetic
structure depend mainly on tidal dynamics and
distance from the shoreline (Triest et al., 2021).
The three Rhizophora species look similar but can
be distinguished by their leaves and propagules:
R. mucronata has larger leaves and propagules,
whereas R. apiculata and R. stylosa differ mainly
in the color of the leaf tip, which is reddish in
R. stylosa and green in R. apiculata. R. apicula-
ta also has more prominent stilt roots and aerial
roots, grows relatively quickly and is commonly
used in rehabilitation planting. These species ob-
servations are qualitative; the spatial distribution
and abundance of the species were not measured,
and species composition was not mapped from
the Sentinel-2 data.

Land cover classification

The RF classification mapped the five land
cover classes in all five years (Figure 4), and the
class areas are summarized in Figure 5. The maps
reproduce the main landscape units of the study
area: the mangrove belt along the shoreline and
creeks, the fish-pond complex behind it, terres-
trial vegetation further inland and open water.

Mapped mangrove area increased in every
interval, from 196.64 ha in 2018 (18.77% of
the study area) to 202.99 ha in 2020, 229.10
ha in 2022, 258.60 ha in 2024 and 267.97 ha
(25.59%) in 2026, a mapped increase of 71.33
ha (36.27% of the 2018 area). The error-adjust-
ed estimates (Table 3; Figure 6) confirm the
increase over the whole period (82.05 + 13.42
ha, 95% confidence interval) and in the inter-
vals 2020-2022, 2022-2024 and 2024-2026,
whereas the error-adjusted change in 2018-—
2020 (=5.06 £ 13.26 ha) does not differ from
zero. The mapped expansion is consistent with
mangrove establishment on accreting mudflats
and in rehabilitation areas along this coast, and
its spatial relationship with the rehabilitation
sites is analyzed below.

Fish ponds showed the opposite trend. They
were the most extensive class in 2018 (343.28
ha; 32.77%), decreased to 319.02 ha in 2020 and
298.90 hain 2022, increased slightly to 305.65 ha
in 2024 and decreased to 281.73 ha (26.90%) in
2026, a mapped decrease of 61.55 ha (17.93%).
Conversion of fish ponds to mangrove account-
ed for 3.18, 9.82, 2.16 and 8.37 ha of mangrove
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Figure 3. Dominant mangrove species observed in the study area: (a) Avicennia marina,
(b) Rhizophora apiculata, (c) Rhizophora stylosa and (d) Rhizophora mucronata

gain in the four intervals, which suggests that
some ponds were recolonized or replanted, as re-
ported in other regions (Romanach et al., 2018);
most of the decrease in fish ponds, however, was
a transition to water bodies (84.49 ha in total).
Water bodies, the largest class, varied between
413.86 and 460.67 ha. These fluctuations prob-
ably reflect differences in tidal stage and in pond
water management between acquisition dates.
Non-mangrove vegetation was relatively stable,
increasing slightly from 63.91 to 69.17 ha. Open
land increased from 0.28 ha in 2018 to 3.69 ha in
2026; because the class covers a small area, its
error-adjusted area is highly uncertain.

386

Accuracy assessment of the Random
Forest classification

The accuracy of the final maps of each year is
summarized in Table 4. Overall accuracy ranged
from 91.79% to 96.34% and kappa from 0.89
to 0.95 (Table 4), based on 270-355 valida-
tion points per year. For mangrove vegetation,
PA ranged from 98.28% to 100% and UA from
92.05% to 100%; omission and commission
errors of the mangrove class were therefore at
most 1.72% and 7.95%, respectively. The area-
weighted overall accuracy estimated follow-
ing Olofsson et al. (2014) was slightly lower



Ecological Engineering & Environmental Technology 2026, 27(12), 379-396

Mangrove vegetation
Non-mangrove vegetation
Fish ponds
Open land
Water bodies

Area (ha)
w
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B Fishponds 9% Water bodies
Open land

Figure 5. Area of the land cover classes, 2018-2026 (mapped areas)

(89.18-94.93%), because errors are weighted
by the mapped area of each class.

Accuracy was lower for some of the other
classes. Non-mangrove vegetation and fish ponds
had PA and UA of at least 87% in all years. Water
bodies had a high PA (93.59-100%) but a lower
UA (80.22-90.80%): 9.20-19.78% of the points
mapped as water belonged to other classes in the
reference data, mainly fish ponds (for example, 9
and 11 fish-pond validation points were mapped
as water in 2018 and 2020), because inundated

ponds and turbid water are spectrally similar
and pond water levels differ between acquisi-
tions. Open land had a UA of 100% but a PA of
only 70.00-83.33%, i.e. a substantial part of the
open-land reference points was mapped as other
classes, mostly as water bodies; the class covers
a small area, its reference sample is small (24—43
points), and dry pond embankments resemble the
surrounding bare soil. These errors are reflected
in the error-adjusted areas, which indicate that
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Table 3. Mapped and error-adjusted mangrove area and area change with 95% confidence intervals (CI), 2018-2026

Year / period Mapped (ha) Error-adjusted (ha) 95% CI (£ ha) Chi:g::;i?;ds
Area
2018 196.64 191.91 6.53 -
2020 202.99 186.84 11.54 -
2022 229.10 227.11 9.70 -
2024 258.60 249.69 9.97 -
2026 267.97 273.95 11.73 -
Change
2018-2020 +6.35 -5.06 13.26 No
2020-2022 +26.11 +40.27 15.08 Yes
2022-2024 +29.51 +22.57 13.91 Yes
2024-2026 +9.37 +24.27 15.39 Yes
2018-2026 +71.33 +82.05 13.42 Yes

Note: Error-adjusted areas follow the stratified estimator of Olofsson et al. (2014); the CI of a change is

1.96 x V(SE:? + SE2?).

300 A

250 A

196.64 191.91

202.99 186,84
200

150 A

Mangrove area (ha)

—

(=3

(=}
L

2018 2020

I Mapped area

258.60 249.69

2022 2024 2026
Year

@4, Error-adjusted area (+ 95% CI)

Figure 6. Mapped and error-adjusted mangrove area (= 95% confidence interval), 2018-2026

water bodies were overestimated and fish ponds
and open land underestimated in the maps.

RF is a non-parametric ensemble classifier
that handles high-dimensional multispectral data
well and is relatively robust to correlated predic-
tors (Belgiu & Dragut, 2016), although correla-
tion between predictors affects the interpretation
of variable importance (see below). The large
number of trees stabilizes the ensemble predic-
tion, and the random selection of four predictors
at each split reduces the correlation between the
trees of the ensemble (Maxwell et al., 2018).

Analysis of variable contribution

The contribution of each predictor was evalu-
ated with the variable importance of the final RF
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model of each year, expressed as the mean de-
crease in Gini impurity. Figure 7 shows the im-
portance of the 13 predictors in each year.

The SWIR-2 band (B12) ranked first in all
five years (mean importance 1,523.20), and the
SWIR-1 band (B11) ranked second in four of
the five years (mean 1,364.58), followed by B5
(1,313.88) and MNDWTI (1,301.88). The SWIR
region (1.56-2.20 pum) is sensitive to the moisture
of the canopy and of the substrate (D. Wang et al.,
2018), which is relevant in a coastal setting where
mangrove canopies, inundated ponds and estua-
rine water are otherwise difficult to separate; in
addition, water absorbs SWIR radiation strongly
(Bunting et al., 2018).

The red-edge bands B5 (1,313.88) and B7
(1,293.86) also had high importance, in line with
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Table 4. Accuracy of the Random Forest classification, 20182026 (n = number of validation points of the
reference class)

2018

2022

Observation Year

2024

2026

Year Land cover class n Producer’s User’s accuracy | Overall accuracy Kappa
accuracy (PA, %) (UA, %) (OA, %) coefficient (k)
Mangrove vegetation 81 100.00 97.59
Non-mangrove vegetation 52 98.08 92.73
2018 Water bodies 78 100.00 82.98 93.55 0.92
Fish ponds 100 88.00 100.00
Open land 30 70.00 100.00
Mangrove vegetation 81 100.00 92.05
Non-mangrove vegetation 52 96.15 96.15
2020 Water bodies 78 93.59 80.22 91.79 0.89
Fish ponds 100 87.00 98.86
Open land 30 73.33 100.00
Mangrove vegetation 86 98.84 97.70
Non-mangrove vegetation 56 92.86 100.00
2022 Water bodies 79 100.00 82.29 93.64 0.92
Fish ponds 101 87.13 96.70
Open land 24 83.33 100.00
Mangrove vegetation 84 100.00 96.55
Non-mangrove vegetation 56 96.43 100.00
2024 Water bodies 80 98.75 90.80 96.34 0.95
Fish ponds 101 96.04 97.98
Open land 34 82.35 100.00
Mangrove vegetation 58 98.28 100.00
Non-mangrove vegetation 56 100.00 98.25
2026 Water bodies 62 100.00 87.32 95.19 0.94
Fish ponds 51 92.16 94.00
Open land 43 81.40 100.00
Predictor Variable
=M= BI2
1800 —e— Bl11
—v— B5
—+— MNDWI
g 1600 =&- B7
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Figure 7. Variable importance (mean decrease in Gini impurity) of the 13 predictors in the RF models,

2018-2026
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the sensitivity of the red-edge region (690-780
nm) to chlorophyll absorption and leaf struc-
ture, which helps to separate dense mangrove
canopies, where broad visible and near-infrared
bands tend to saturate, from inland vegetation
(Poursanidis et al., 2019). Apart from MND-
WI, the indices had intermediate importance:
NDTI (1,159.44), NDRE (1,132.04) and NDVI
(1,122.34). The importance of NDTI may reflect
its high values for both turbid water and bright
bare surfaces (Lacaux et al., 2007), which may
help to distinguish these surfaces from vegeta-
tion and clear water.

These importance values should be interpret-
ed with caution. Gini importance measures how
much a predictor contributes to node purity in
the fitted trees; it is not a measure of the physical
effect of the variable. When predictors are cor-
related, as here, where the indices are computed
from the same bands (e.g. NDVI from B8 and
B4, and MNDW!I from B3 and B11), importance
can be shared among them, and a predictor may
appear less important because a correlated pre-
dictor was selected instead (Strobl et al., 2007).
The absolute values also depend on the training
sample of each year and are therefore compared
through ranks. With these caveats, the consistent
first rank of B12 indicates that SWIR informa-
tion was the most useful for separating the class-
es in this setting.

Mangrove transition dynamics

Figure 8 shows the spatial pattern of man-
grove persistence, gain and loss in each inter-
val, Figure 9 the transition components in hect-
ares, and Table 5 the components in hectares
and as a percentage of the mangrove area at the
start of each interval.

In 2018-2020, the net change was small
(+6.35 ha; 3.23% of the 2018 mangrove area),
but it resulted from a gross gain of 36.32 ha and
a gross loss of 29.97 ha, giving a swap of 59.95
ha (30.48% of the 2018 mangrove area; Table
5). The largest exchange was with water bodies:
31.65 ha of water became mangrove and 24.03
ha of mangrove became water. Part of this ex-
change probably occurred along the seaward and
creek edges of the mangrove, where mixed pix-
els, differences in tidal stage between acquisi-
tions and the use of a single-date image in 2018
can produce apparent change; this is consistent
with the error-adjusted change for 2018-2020,
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which does not differ from zero (Table 3). A
small net change can thus conceal considerable
spatial turnover, and observations several years
apart (e.g. five to ten years) may miss such short-
term dynamics (Joe et al., 2026). In the follow-
ing intervals, gross loss decreased from 29.97 ha
(15.24%) to 18.88 ha (7.30%), swap decreased
from 30.48% to 14.60%, and persistence in-
creased from 84.76% to 92.70% (Table 5).

The lower gross loss and swap and the
higher persistence in the later intervals indicate
that the mapped mangrove extent became spa-
tially more stable after 2020. Possible explana-
tions include the trapping of fine sediment by
expanding mangrove root systems and the at-
tenuation of wave energy, which may stabilize
previously eroding margins; however, these
processes were not measured in this study and
should be tested with field measurements of
sedimentation and shoreline change. Regard-
less of the causes, the results show that fre-
quent monitoring and transition components
(gross gain, gross loss and swap) reveal where
mangrove extent changes, information that net
area alone does not provide and that is useful
for planning conservation and coastal risk-re-
duction measures.

Comparison with other studies

The mapped increase of 36.27% in Keta-
pang contrasts with trends reported elsewhere.
In West Kalimantan (Widiastuti et al., 2024)
and North Sumatra (Samsuri et al., 2026), de-
forestation pressure on mangrove cover was
reported to persist, and Fallatah et al. (2026)
show that coastal degradation remains wide-
spread in many tropical regions. Within Lam-
pung Province, Kaskoyo et al. (2023) reported
a substantial decrease in mangrove cover in
Tulang Bawang Regency, mainly due to the
expansion of fish ponds. Unlike these studies,
which mainly report net change between dates,
the present results show that the net increase
in Ketapang was accompanied by considerable
spatial turnover in the first interval and by in-
creasing persistence afterwards. Differences
in sensors, class definitions, periods and accu-
racy reporting limit direct comparison, but the
contrast suggests that local conditions, such as
sediment supply, the availability of abandoned
ponds and rehabilitation activities, strongly in-
fluence mangrove trajectories.
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Figure 8. Spatial pattern of mangrove persistence, gain and loss for (a) 2018-2020, (b) 2020-2022,
(c) 2022-2024 and (d) 2024-2026, with enlarged views of the same intervals in (a")—(d")
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Table 5. Components of mangrove change per interval, in ha and, in parentheses, as a percentage of the mangrove

area at the start of the interval

Component 2018-2020 2020-2022 2022-2024 2024-2026
Mangrove at start (ha) 196.64 202.99 229.10 258.60
Persistence 166.67 (84.76) 179.45 (88.40) 206.79 (90.26) 239.72 (92.70)
Gross gain 36.32 (18.47) 49.64 (24.46) 51.82 (22.62) 28.25 (10.92)
Gross loss 29.97 (15.24) 23.54 (11.60) 22.31(9.74) 18.88 (7.30)
Net change +6.35 (3.23) +26.11 (12.86) +29.51 (12.88) +9.37 (3.62)
Swap 59.95 (30.48) 47.08 (23.19) 44.62 (19.48) 37.76 (14.60)
Total change 66.29 (33.71) 73.18 (36.05) 74.13 (32.36) 47.13 (18.22)
Mangrove at end (ha) 202.99 229.10 258.60 267.97

Note: net change = gross gain — gross loss; swap = 2 x min(gross gain, gross loss);
total change = net change + swap. Percentages refer to the mangrove area at the start of each interval.

Possible drivers of mangrove gain — natural
colonization and rehabilitation

The causes of the mapped mangrove gain were
not tested experimentally, and the following in-
terpretation is based on the spatial association be-
tween the gain and the rehabilitation sites. Accord-
ing to the rehabilitation spatial data of the Ministry
of Forestry, rehabilitation planting within the study
area covered 129.00 ha in 2020-2023 (106.98 ha
in 2020, 5.25 ha in 2021, 10.00 ha in 2022 and
6.77 ha in 2023), i.e. 12.3% of the AOIL, mainly
along the seaward fringe (Figure 10). In 2018—
2020, which largely precedes the planting, these
sites accounted for 16.0% of the gross gain (5.79
of 36.32 ha), close to their share of the AOIL. After
planting, their share rose to 58.3% in 2020-2022
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(28.94 ha), 77.5% in 2022-2024 (40.17 ha) and
37.4% in 2024-2026 (10.56 ha) (Table 6). Within
the rehabilitation sites, the mapped mangrove area
increased from 5.85 ha in 2018 to 86.68 ha in 2026
(+80.83 ha), whereas outside them it decreased
slightly from 190.79 to 181.32 ha (—9.47 ha); the
net increase in the AOI therefore occurred within
the rehabilitation sites, while the area outside them
showed a small net loss. The 2020 sites, which
contained almost no mangrove in 2018 (1.9% of
their area), were 69.6% mangrove in 2026, and
their largest gains occurred two to four years after
planting, consistent with the time needed for seed-
lings to form a canopy that is detectable at 1020 m
resolution. By contrast, the 2021 site was already
72.6% mangrove in 2018, which indicates enrich-
ment planting within existing stands, and changed
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little. Nearly all gain within the rehabilitation sites
(97.0%) came from areas mapped as water bodies
at the start of the interval, i.e. intertidal mudflats
along the seaward fringe.

Tarigan et al. (2020) reported active sedimen-
tation along the eastern coast of South Lampung,
with suspended sediment supplied by nearby
river estuaries and mud particle sizes of 0.0258—
0.0330 mm, which may have provided a suitable
substrate for both planting and natural establish-
ment (no hydro-oceanographic measurements
were made in the present study). Pioneer species
such as A. marina have been reported to colonize
newly formed mudflats in other regions (Fallatah
et al., 2026; Joe et al., 2026), but the present data
do not allow the species involved in the mapped
gain to be identified. The spatial association does
not establish causality: the planting sites may
have been selected on accreting mudflats where
natural colonization would also have occurred, no
unplanted control sites were analyzed, and part
of the gain from water may reflect differences
in tidal stage and mixed pixels at the water edge
(see above). Field comparisons of planted and un-
planted mudflats and measurements of sedimen-
tation are needed to separate the effect of planting
from natural colonization.

Limitations

Several limitations should be considered.
First, the 2018 image is a single-date product
whose 20 m bands were resampled by bilinear
interpolation, and the compositing parameters of
the 2020-2026 composites differ between years
(Table 1); some of the mapped change, particu-
larly at the land—water interface, may therefore
reflect differences in image conditions rather than
land cover change. Second, the validation points
were stratified by the classes of the tentative map
rather than of the final map, and the reference
data for 2018-2024 were interpreted from imag-
ery rather than collected in the field, so the con-
fidence intervals of the error-adjusted areas are
approximate. In addition, the validation points
were generated without excluding the areas of the
training polygons, so some of them may coincide
with training pixels; this would make the report-
ed accuracies slightly optimistic, particularly for
classes whose area is largely covered by training
polygons. Third, the 20 m bands limit the detec-
tion of narrow mangrove fringes, and species
composition, stand structure and biomass cannot
be derived from the classification. Finally, the re-
lationship between rehabilitation and mangrove
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Figure 10. Spatial pattern of mangrove persistence, gain and loss for (a) 2018-2020, (b) 20202022,
(c) 2022-2024 and (d) 2024-2026, overlaid with the mangrove rehabilitation sites of 2020-2023
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Table 6. Gross mangrove gain and net change inside and outside the rehabilitation sites per interval (mapped areas, ha)

Interval Grqs_s gain i_nside Gro_s_s g_ain o_utside Shar_e o_f gross gain | Net change inside Net _change
rehabilitation sites (ha) | rehabilitation sites (ha) inside (%) (ha) outside (ha)
2018-2020 5.79 30.53 16.0 +4.56 +1.79
2020-2022 28.94 20.71 58.3 +27.42 -1.32
2022-2024 40.17 11.68 775 +39.33 -9.79
2024-2026 10.56 17.69 374 +9.53 -0.16
2018-2026 85.46 80.61 515 +80.83 -9.47

gain is based on the spatial association with the
planting sites rather than on a controlled compari-
son, and sedimentation was not measured.

CONCLUSIONS

Multitemporal Sentinel-2 data classified with
Random Forest in Google Earth Engine allowed
mangrove cover in Ketapang District, South
Lampung Regency, Indonesia, to be mapped at
two-year intervals between 2018 and 2026. With
13 spectral predictors, overall accuracy ranged
from 91.79% to 96.34% and kappa from 0.89 to
0.95; the producer’s and user’s accuracies of the
mangrove class were at least 98.28% and 92.05%,
respectively, whereas water bodies (UA 80.22—
90.80%) and open land (PA 70.00-83.33%) were
mapped less accurately. The SWIR-2 band (B12)
had the highest Gini importance in every year,
although the importance of correlated predic-
tors should be interpreted with caution. Mapped
mangrove area increased from 196.64 ha in 2018
to 267.97 ha in 2026 (+71.33 ha; +36.27%), and
the error-adjusted increase of 82.05 + 13.42 ha
shows that this increase exceeds the classifica-
tion uncertainty. This is an increase in mangrove
cover; changes in stand structure, biomass, spe-
cies composition and ecosystem functions were
not assessed.

The transition analysis revealed dynamics
that net area alone does not show: in 2018-2020,
a small net change (+6.35 ha, within the classifi-
cation uncertainty) concealed a swap of 59.95 ha
(30.48% of the 2018 mangrove area), whereas in
the following intervals gross loss decreased and
persistence increased to 92.70%, indicating a spa-
tially more stable mangrove extent. The net in-
crease occurred almost entirely within the official
rehabilitation sites planted in 2020-2023 (+80.83
ha inside versus —9.47 ha outside), whose share
of the gross gain rose from 16.0% before planting
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to 58.3-77.5% in 2020-2024, which is consis-
tent with a substantial contribution of rehabilita-
tion planting on accreting mudfiats. Because no
unplanted control sites were analyzed, this result
represents a spatial association rather than a dem-
onstrated causal effect.
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