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Coastal forests are a very important part of the coastal ecosystems. Maheshkhali Upazila is the only offshore hilly island in
Bangladesh that has a sizable mangrove forest along its coasts as well as hilly upland forests. Unfortunately, coastal forests have
been in decline globally for the last few decades. To assess how the forest area of Maheshkhali Upazila has been affected, the
Normalised Difference Vegetation Index (NDVI) and Supervised Classification based on the Random Forest method were applied
to the island. The years from 2004 to 2024, during the dry season (November-February), were used for NDVI analysis. Sensor-
specific NDVI trends differed between satellite generations, but the statistical fits were weak and the trends for Landsat 8 and 9
were not statistically distinguishable from zero. NDVI trends alone can mask land-cover change or deforestation, so supervised
classification was also performed. Classification of 2020, 2022, and 2024 shows the forest area decreasing while Aquaculture (5),
Agriculture (3), and Built-up (2) areas increase. Classification accuracy was assessed against an independent reference dataset
of 1,000 points interpreted on high-resolution imagery, and areas were corrected for classification error following Olofsson et al.
(2014). This yielded a probable forest decline of approximately 11 km? (95% CI: —3.6 to + 24.9 km?), considerably smaller than
the unadjusted estimate and not statistically significant. Ground-truth field data were unavailable, which remains an important
limitation.

Introduction

Coastal forests such as mangroves provide ecosystem services
whose loss to coastal land conversion carries substantial eco-
nomic cost' 3. The Bengal delta encompasses a large part of
the coastal area and is the second largest delta in the world*.
Due to its extensive coastal area, mangrove-dominated ecosys-
tems and coastal forests in Bangladesh are of great importance
to the region. They provide essential ecosystem services like
carbon sequestration and shoreline stabilisation, supporting
local livelihoods>®.

Mangrove protection and restoration are responsive to
ecosystem management in and around the tidal zone’. The
conservation and restoration of mangrove ecosystems is criti-
cally important for protecting marine life and vegetation. This
study uses land use/land cover (LULC) change as a direct in-
dicator of anthropogenic pressure on coastal ecosystems, such
as mangrove forests and hilly upland forests, and aims to doc-
ument forest degradation in Maheshkhali Upazila, where data
and research are lacking.

Maheshkhali is the only offshore hilly island in Bangladesh,
situated on the southeastern coast. The island, along with a
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few adjacent islands, has its own administrative Upazilag. The
Upazila features a unique geological system towards the east-
ern cliffy coast of Bangladesh that is characterised by hilly
terrain encircled by coastal plain landforms®. The island ex-
hibits coastal plains and active depositional systems, which
together determine both its ecological role and its vulnerabil-
ity to shoreline change '°.

Recent research on LULC change of Maheshkhali Upazila
is limited '-'2. For this area, a study comparing NDVI trends
from multiple Landsat imagery, combined with LULC change
data collected using supervised classification, has not been
conducted before. This study aims to (1) assess the loss of
forest area in Maheshkhali Upazila and identify its primary
drivers, using remote sensing approaches including NDVI
trend analysis and supervised classification, and (2) evaluate
the usefulness of these remote sensing methods for detecting
and quantifying forest area loss.

This study uses the administrative boundary of Maheshkhali
Upazila as the AOI, which actually includes a few islands
instead of one. Using Landsat 5, 7, 8 and 9 imagery, the
NDVI trends of each year in the dry season, i.e., the months
of November to February between 2004 and 2024, have been
analysed using R and Google Earth Engine.

Maheshkhali’s coastal habitats and the increasing develop-
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ment pressures in the region hold great importance for nature
and people. For this reason, a focused, reproducible assess-
ment using a consistent multi-sensor Landsat time series can
inform conservation, aquaculture zoning, and coastal manage-
ment®. In this study, through the use of open-source data
and tools like Google Earth Engine and Landsat imagery, the
causes of deforestation and human land-cover change will be
discussed and interpreted. With the outcomes of this research,
it is aimed to fill a long-lasting gap in LULC change data of
Maheshkhali Upazila.

Literature Review

This section summarises prior research on the specific meth-
ods used in this paper, i.e., NDVI analysis, random forest
method, and supervised classification, relevant studies of the
region, mangrove landscape change worldwide, and studies on
the LULC change of the research area in previous years.

In the field of remote sensing, different vegetation indices
have been in use for a long time to monitor forest and agri-
cultural health and change. Normalised Difference Vegetation
Index (NDVI) is one such index, which is derived from near-
infrared and red reflectance:

NDVI = M
NIR+R
In Landsat 4-7:
NDVI — Band 4 —Band 3

Band 4 +Band 3
In Landsat 8-9:

Band 5 —Band 4

NDV[= ———MMF ——
Band 5+ Band 4

13

NDVI is one of the most globally favoured vegetation in-
dices used widely for research purposes, i.e., vegetation mon-
itoring, crop studies, and deforestation '4-16.

As much as NDVI is favoured by researchers, it has sev-
eral limitations. First, its behaviour is landscape-dependent: a
recent hyperspectral study shows that although various vege-
tation indices remain highly correlated with NDVI, their per-
ceptual and structural responses can differ significantly, and
NDVT’s discriminative power is low in heterogeneous areas '°.
This means NDVI can obscure vegetation transitions on an
island like Maheshkhali, where Agriculture (3), Aquaculture
(5), and Forest (0) overlap and interchange regularly. Second,
NDVI is sensitive to climate rather than land cover alone; veg-
etation greenness responds to rainfall 7, an effect that is pro-
nounced in the tropical monsoon setting of Maheshkhali and
is supported by South Asian studies where over 70% of areas

show a positive NDVI-rainfall correlation'!. Third, NDVI
values differ between sensors owing to differences in spec-
tral band characteristics, radiometric calibration, and detector
design, as documented for Landsat-7 ETM+ and Landsat-8
OLI'8; when multi-decadal imagery from multiple sensors is
combined, these differences can introduce artificial trends '°.
NDVI is additionally affected by soil background, tempera-
ture, atmospheric noise, and substratum reflectivity, and it sat-
urates when the Leaf Area Index exceeds 3, limiting its ability
to distinguish variation in dense vegetation?’. Together, these
limitations mean that on a dynamic, heterogeneous island like
Maheshkhali, changes in NDVI may not directly correspond
to changes in forest area.

Due to these limitations of NDVI, it is not a wise decision to
analyse land-cover change based on NDVI trends only. Super-
vised Classification is another method to classify land-cover
change, which has been very popular in recent years. Super-
vised Classification is a machine learning method where an
algorithm learns to categorise data by training on labelled ex-
amples. There are various algorithms in use for supervised
classification, i.e., Random Forest, Support Vector Machine,
and Classification and Regression Trees. Among them, Ran-
dom Forest produces the most accurate results according to a
recent study?'?2. According to another study, Random Forest
also outperforms a single Decision Tree and is less sensitive
than other streamlined ML Classifiers to the quality of train-
ing samples and to overfitting, due to the large number of De-
cision Trees produced by randomly selecting a subset of train-
ing samples and a subset of variables for splitting at each tree
node 2. Moreover, Random Forest can also successfully han-
dle high data dimensionality and multicollinearity, although
it’s sensitive to sampling design?>24.

Google Earth Engine (GEE) is a cloud-based geospatial
analysis platform developed by Google. GEE is a popular plat-
form to monitor deforestation and land use change. In GEE,
temporal aggregation of time-series imagery yields higher ac-
curacy than analyses based on single-date images>>%%. Ac-
cording to another study, GEE is a reliable and powerful tool
for ML classification?>27-28,

Mangrove forests have been in decline worldwide over the
past few decades. According to a recent study, globally, man-
grove forests have declined by 30-50% over the past half-
century?. Since 1980, 3.6 million ha of mangrove forests
have been lost. Among these, 1.89 million ha have been
lost to coastal aquaculture, and 1.4 million ha were lost due
to shrimp culture’. The majority of mangrove deforestation
happened in the continent of Asia, where shrimp farming ac-
counts for 1.2 million ha of mangrove forest loss?°. Even in
Bangladesh, mangrove forests have been decreasing over the
past few decades3%32, From 2005-2015, 36 km? of coastal
area of the eastern coast of Bangladesh have been lost due
to erosion, among which a portion is a coastal mangrove for-
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est'%39, In Maheshkhali Upazila, shorelines have changed due
to global temperature and sea level rise, sediment transporta-
tion, environmental intervention, cyclones, and coastal flood-
ing, among other reasons33. Moreover, a previous study also
expected that megaprojects like Matarbari would affect man-
groves, wetlands, and sandy beaches due to their proximity to
ecologically sensitive zones such as Sonadia Island**. Coastal
areas are also depicted as the most suitable for coastal aqua-
culture3353%_ guch as salt pans and shrimp farms. As a result,
Maheshkhali Upazila has seen a lot of deforestation in the past
few years, the majority of which is mangrove forest33-37-38.

Methods

In this study, we have used a longitudinal, multi-temporal re-
mote sensing approach, combining NDVI trend analyses with
random forest-based supervised machine learning classifica-
tion, based on imagery from 4 Landsat satellites over a period
of over 20 years. Only open-source free data and tools, like
Google Earth Engine and R, have been used in this paper.

Case Study of Area: Maheshkhali Upazila

Maheshkhali Upazila (Figure 1), the only hilly island in
Bangladesh, which also has a large area of mangrove forest
along its coasts, is situated in the district of Cox’s Bazar along
the southeastern coast of Bangladesh. The river Bakkhali sep-
arates the island from Cox’s Bazar Upazila. Maheshkhali is
also its own separate administrative Upazila. The geographic
location of the island is 21° 30’ 0” N to 21° 15° 0” N latitude
and 91° 50’ 0” Et0 92°5°0” E longitude. The island has a total
area of 388.5 km?. The island borders the Bay of Bengal in
its western and southern parts. The north of the island is bor-
dered by Pekua, the north-east is bordered by Chakaria, and
the south-east side of the island is bordered by Cox’s Bazar.
The island also has other small islands considered part of it,
such as Matarbari and Sonadia .

The island has been seeing net accretion (i.e., net gain in
land) since 1972 at a rate of 1.2 km? per year. This means that,
on average, the amount of land accreted surpasses the amount
of land eroded every year. This also indicates that the per-
centage of water bodies around the island might be decreasing
each year.

Maheshkhali is situated in a tropical climate zone, affected
by the southern monsoon. The island has a total population
of 385,5003°. The people of the island, especially the native
people, rely on salt cultivation and shrimp farming as their
prime occupation. The island has also seen some megaprojects
take place, such as a deep-sea port and a coal power plant.
These megaprojects also threaten the diverse ecosystem of the
island, including the mangrove forests on its coastal side.

Figure. 1 Map of Maheshkhali Upazila with Study Area Outline.
Satellite imagery from Google.

Data, Pre-processing, and Analysis

Definition of the Area of Interest (AOI)

We have used the administrative boundary of Maheshkhali
Upazila and some of its adjacent water bodies as the AOI
of this study (Figure 1). It was prepared as a vector poly-
gon, which was uploaded into GEE as a private asset. To en-
sure consistency in datasets across time, we have clipped all
spatial analyses to the AOIL To confirm spatial accuracy, the
AOI boundary has been visually compared and overlaid on
the satellite imagery.

Satellite Data

This study used multi-temporal surface reflectance imagery
from Landsat Collection 2 Level-2, which we acquired from
the four sensors - Landsat 5 TM, Landsat 7 ETM+, Landsat
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8 OLI, and Landsat 9 OLI-2. We analysed the periods from
November 2004 to February 2025, with analysis from Novem-
ber to February months only in this time period to align with
the dry season, minimizing cloud cover.

Collection 2 Level-2 products were selected to get at-
mospherically corrected surface reflectance values. The re-
flectance bands were also rescaled using official scale factors
and offsets [reflectance = SR x 0.0000275 — 0.2], and a com-
mon set of spectral bands with Blue, Red, Green, Shortwave
Infrared 1, Near Infrared, and Shortwave Infrared 2 were con-
structed for all sensors to sensor-harmonize the data.

We decided to use Landsat because of its long time series.
This aligns with past work !>,

Cloud and Shadow Masking

QA_PIXEL band, which was provided in the Landsat Col-
lection 2 Level-2 products, was used to remove cloud and
cloud-shadow contamination. Pixels flagged as cloud (bit 3)
or cloud-shadow (bit 4) were excluded, and the mask was ap-
plied across all sensors consistently to minimize atmospheric
noise, which helped to ensure temporal comparability.

Seasonal Window Selection

Only the dry season months of November, December, January,
and February (November to February) of the Bangladeshi win-
ter season were analysed to reduce the impact of monsoon,
i.e., cloud cover, rain, and vegetation variability. Generally,
vegetation is consistent during the dry season (i.e, winter) in
the region. For coastal and tropical vegetation research, this
period is widely considered suitable. Each ‘season year’ in
this study was considered from November of year Y to Febru-
ary of year Y+1. However, this may underrepresent seasonally
active land use cases, especially summer-dependent agricul-
tural crop cycles and monsoon flooding.

Trend Analysis of NDVI

Per scene NDVI time series (Google Earth Engine)

We used a per-scene approach for the NDVI trend analysis.
This approach was used instead of using only annual compos-
ites. And we calculated NDVI for each Landsat scene using
the standard formula:

NIR —Red
NIR + Red

Over the AOIL each NDVI image was spatially averaged us-
ing a reducer of mean in 30 m resolution, and the per-scene
mean NDVI value was obtained. In a FeatureCollection con-
taining acquisition date, satellite identifier, and mean NDVI,
we stored these values.

In GEE, scatterplots were created that only used the acqui-
sition dates of the imagery to display the temporal variability

NDVI =

in NDVI without interpolating between acquisition dates. To
investigate cross-sensor differences and possible discontinu-
ities at the time of sensor transitions, other scatterplots were
generated that binned NDVI by satellite sensor.

Seasonal NDVI Composites and Statistics

Annual seasonal NDVI composites for each season year be-
tween 2004 and 2024 were generated, complementing per-
scene analysis. For each season year, all valid Landsat
scenes from the November to February window were com-
bined across sensors, and then they were aggregated to the
median value for each season year. In order to reduce resid-
ual clouds, Landsat 7 SLC-off gaps and outliers, median com-
positing was used.

A summary of statistics was extracted over the AOI, and
the NDVI was calculated from each seasonal composite. The
summary includes mean, standard deviation, minimum, max-
imum, the 5th, 25th, 50th, 75th, and 95th percentiles. These
statistics were also stored as a FeatureCollection and then ex-
ported for further analysis.

NDVI Analysis in R

From GEE, the NDVI per scene values were exported to be
further analyzed in R. The dates were standardized into the
standard date format, and scatter plots of NDVI against time
were made.

NDVI values were separated by Landsat sensors, and indi-
vidual linear models were fitted for each sensor to investigate
sensor-specific behavior. Coefficient of determination (R?), p-
values, and trend slopes were computed and then compared.

The plots produced are: scatterplot of NDVI trend from the
year 2004 to 2024, scatterplot of NDVI trend from the year
2004 to 2024 for each of the 4 satellites’ imagery, and bar
chart of NDVI change per year for each of the satellites.

Supervised Land Use Land Cover Classification

Creation of Training Data

Six Land Use and Land Cover (LULC) classes, Forest (0),
Water (1), Built-up (2), Agriculture (3), Bare/Other (4), and
Aquaculture(5), were assigned the class codes 0, 1, 2, 3, 4, and
5, respectively. They were digitized manually into polygon
features for the six LULC classes. To place the polygons over
the spectrally homogeneous areas and ensure class purity, the
true-color imagery, along with index layers (e.g., NDVI, Nor-
malized Difference Water Index (NDWI), Normalized Dif-
ference Moisture Index (NDMI), and Normalized Difference
Built-up Index (NDBI)), were used. Through preparing sepa-
rate training datasets for the years 2020, 2022, and 2024, tem-
poral changes in the characteristics of LULC were addressed.
Training polygons were digitised manually for each of the six
classes in 2020, 2022, and 2024, distributed across the full
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extent of the AOI rather than concentrated in any sub-region.
The number of polygons and extracted pixels per class and
year are given in Appendix Table 8. No class-balancing was
applied; the classifier was trained on all extracted pixels in
their observed proportions. The training sample was imbal-
anced across classes, with Built-up (2) contributing roughly
half to two-thirds of all training pixels while Forest (0) con-
tributed approximately 4%. This imbalance likely contributed
to the over-prediction of Built-up seen in the independent val-
idation (user’s accuracy 0.35-0.38; Appendix Table 6). Train-
ing density also varied between years, most notably for Water
(1), which fell from 635 pixels in 2020 to 180 in 2024; because
a separate classifier was trained for each year, such differences
contribute to the interannual inconsistency discussed in rela-
tion to the transition matrix**~#*. Polygons were placed on
spectrally homogeneous patches to ensure class purity, which
favours unambiguous examples of each class and may under-
represent mixed or transitional pixels.

Random Forest Classification

In GEE, an RF classifier was implemented, with 300 decision
trees. RF performs really well in remote sensing image clas-
sification cases 2. The algorithm is also robust to noise, espe-
cially when variables show non-linear relationships. During
model development, a random 70/30 split of the training poly-
gons was used to monitor classifier fit. To evaluate the accu-
racy in classification, we used overall accuracy matrices and
confusion matrices. After that, the classifier from the training
phase was applied to the seasonal composites to yield maps of
the LULC for the years 2020, 2022, and 2024.

The Random Forest classifier was trained with 300 trees
and a fixed random seed of 422!, Ten predictors were used:
the six surface reflectance bands (Blue, Green, Red, NIR,
SWIRI, SWIRz) and four spectral indices (NDVI, NDWI,
NDMI, NDBI). Training pixels were extracted at 30 m res-
olution using sampleRegions and split 70/30 (seed 42) for in-
ternal monitoring of model fit. Because this split is applied at
the pixel level rather than by whole polygons, pixels from the
same polygon can occur in both subsets; this is one reason the
split does not constitute independent validation, and accuracy
was instead assessed using the independent reference dataset
described below.

However, because these samples were drawn from the same
manually digitised polygons used for training and interpreted
on the same composites the classifier operates on, this split
does not constitute independent validation and is reported only
as an internal measure of class separability, not as an accuracy
assessment. To assess classification accuracy independently, a
separate reference dataset was generated for 2020 and 2024.
For each year, a stratified random sample of approximately
500 points was drawn across the six mapped classes, spa-
tially disjoint from the training polygons (which were buffered

out to prevent overlap). Each point was interpreted indepen-
dently on high-resolution Google Earth imagery date-matched
to the dry season, blind to the classifier’s prediction, so that
the reference labels were derived from a higher-resolution
and independent source rather than the Landsat composites
used for classification. Confusion matrices were constructed
in sample counts (Appendix Tables 4 and 5), and per-class
producer’s and user’s accuracies were computed (Appendix
Table 6). Class areas and their uncertainties were then es-
timated using the area-adjusted estimator of Olofsson et al.
(2014)%47 which corrects mapped areas for classification
error and yields 95% confidence intervals (Appendix Table
7). This area-adjusted approach was used in place of the raw
pixel-count areas for all reported area and change estimates.
Several alternative interval estimators (stratified Wilson score,
Agresti—Coull, a neutral-prior Bayesian estimator, and a strati-
fied bootstrap) yielded closely consistent results; the Olofsson
estimator is reported here for clarity, with the others confirm-
ing robustness to method choice.

Area and Percent Estimation

For each of the different classes, pixel-based calculations were
computed. Then they were converted into area percentages,
which showed us the percentage of the total AOI occupied by
each of the different classes. This helped to compare NDVI-
based vegetation transitions directly with LULC transitions
derived from the supervised classification. Class areas were
calculated by counting classified pixels per class within the
AOTI at 30 m resolution and multiplying by the pixel area (900
m?). All processing was performed in the native projection of
the Landsat Collection 2 imagery (Universal Transverse Mer-
cator, Zone 46N, WGS84; EPSG:32646), a metric projection
appropriate for area estimation at this location. Areas are re-
ported in km?.

LULC Change Analysis in R

Classification accuracy was assessed using the independent
reference dataset described above, with confusion matrices
constructed for 2020 and 2024 (Appendix Tables 4 and 5).
Overall, producer’s, and user’s accuracies were computed for
all six LULC categories: Forest (0), Water (1), Built-up (2),
Agriculture (3), Bare/Other (4), and Aquaculture (5). Using
these reference polygons, the classified maps that were cre-
ated by the RF algorithm were cross-validated. Then the over-
all accuracy was calculated. The ratio of the number of pixels
correctly classified to the total reference points was the overall
accuracy. The class-specific performance was measured with
the producer and user accuracy metrics.

In order to analyze temporal changes in LULC area per-
centages and classification accuracy, non-parametric statistical
tests were used. As we had only three time points and small
per-class sample sizes, the Friedman test was the appropriate
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choice for a repeated measures design. Hence, the Friedman
test was used to test for differences between the years 2020,
2022, and 2024, as it fits a repeated measures design with non-
normal distributions. The test indicated no statistically signifi-
cant difference across the three years (see Results); given only
six classes and three time points, the test has limited statisti-
cal power. All the statistical analyses and visualizations were
done in R. The dplyr, tidyr, and ggplot2 packages were used
for data manipulation and graphical representation of LULC
dynamics and accuracy metrics.

The plots produced are: grouped bar chart showing LULC
area percentage by class (2020, 2022 & 2024); multi-line plots
of LULC change over time, classification recall (producer’s
accuracy) over time and classification recall (producer’s accu-
racy) over time; horizontal bar chart of net LULC change over
time; and grouped column chart of LULC change by period of
2020 vs 2022 and 2022 vs 2024.

Results

It is visible from the maps (Figure 2) that there has been a
substantial change in the vegetation of the western and south-
western coast of the island. Visual analysis of NDVI trends
also suggests an increase in NDVI on the east coast of the
island. However, these spatial patterns were not quantified
with zonal statistics and are therefore qualitative observations
only.

NDVI values, separated by Landsat satellites, show differ-
ences between the trends for each satellite that can be observed
above (Figure 3). Confidence bands for the Landsat 8 and 9
trends are wide and encompass a zero slope, consistent with
their low R? and non-significant p-values (Appendix Table 1).

It can be seen that Landsat 8 and Landsat 9, both new satel-
lites, appear to show decrease in NDVI, whereas Landsat 5
and Landsat 7 show an increase in NDVI (Figures 3 & 4).
The 95% confidence interval for each sensor, represented by
the error bars, shows that the Landsat 5 and 7 were positive,
whereas Landsat 8 and 9 confidence intervals span zero, indi-
cating slopes that are not statistically distinguishable from no
change.

Visual assessment of the supervised classification outputs
suggests that the area of Built-up, Agriculture, and Aquacul-
ture has been increasing, whereas the Forest area is decreasing
(Figure 5).

Based on the supervised classification, all classes exhibited
changes in area between 2020 and 2024 (Figure 5, Figure 6,
Figure 7, Figure 8). The largest change was observed in the
‘Forest (0)’ class (Figure 7, Appendix Table 2). After area ad-
justment (Olofsson et al., 2014), forest area was estimated at
113.9 km? in 2020 and 103.3 km? in 2024, corresponding to
a forest loss of 10.7 km? (95% CI: —3.6 to +24.9 km?). This

is substantially smaller than the unadjusted classification es-
timate of 29.17 km?, and the confidence interval marginally
includes zero, indicating a probable but not statistically sig-
nificant decline (Appendix Table 7). Analysis of class transi-
tions showed that, of the total forest area in 2020, 17.7% was
converted to Agriculture, 5.9% to Aquaculture, 9.7% to Built-
up land, 4.3% to Bare/Other land, and 0.7% to Water (Figure
8). However, these results should be interpreted with caution
because the accuracy for some classes, e.g., Bare/Other (4),
is lower, and the magnitude of change for them is even less
reliable. From the independent validation, Producer’s Accu-
racy ranged from 0.32 to 0.91 and User’s Accuracy from 0.35
to 0.95 across classes, with area-adjusted overall accuracies
of 0.70 (2020) and 0.74 (2024) (Appendix Table 6). These
are substantially lower than the internal 70/30 figures (Ap-
pendix Table 3), most markedly for Built-up (User’s Accuracy
0.93 internally versus 0.35-0.38 independently), illustrating
how non-independent validation can overstate classifier per-
formance.

The Friedman test found no significant difference in class
area percentages across the three years (x> = 0.33, df =2,
p = 0.85). Friedman tests on producer’s and user’s accuracy
were also non-significant (p = 0.31 and p = 0.51). Due to
only six classes and three time points, the Friedman test has
limited power.

Discussion

The NDVI maps of the island (Figure 2) show a change in
LULC classes with high vegetation, i.e., Agriculture and For-
est, and an increase in the greenness of the map over time
can also be observed, which indicates an increase in NDVI.
The increase in NDVI could be a result of multiple LULC
changes, for example, reforestation, agricultural expansion, or
some combination of both or some other reason altogether.
The NDVI trend plots (Figures 3 & 4) reduce the necessity
to depend on the visual assessment. NDVI trends, separated
by Landsat satellites vary largely, where the newer satellites
(Landsat 8 and 9) show a decrease in NDVI over time com-
pared to an increase depicted by the older satellites (Landsat 5
and 7) (Figures 3 & 4). However, the apparent NDVI decline
in the newer sensors is not statistically supported, and the di-
vergence between older and newer Landsat sensors likely re-
flects cross-sensor differences rather than a genuine vegetation
trend 1.

The NDVI data from 2004 to 2024, a much longer pe-
riod than the supervised classification data, was used to get
a broader range of data, which showed more explicitly the
limitations of NDVI in determining forest area change. The
increase in NDVI is particularly interesting since reports indi-
cate widespread deforestation on the island33. This suggests
that agricultural and aquacultural expansions are major drivers
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Figure. 2 NDVI map of Maheshkhali Upazila every 4 years from 2004 (top left) to 2024 (bottom right).In the maps, the greener an area is, the
higher its NDVI. Note the changes in vegetation along the western and south-western coast over time, and the overall increase in greenness on
the eastern side of the island
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Figure. 5 Land Use Land Cover map of the Area of Interest (Maheshkhali Upazila) based on the 6 classes for the years 2020, 2022, and 2024
(from left to right). Note the contraction of forest (dark green) and expansion of aquaculture, agriculture, and built-up classes across the three

years.

in the NDVI increase during the period. However, the statis-
tical fits for the NDVI trends are weak (Appendix Table 1).
Hence, the decreasing trends by sensor are not statistically
supported. Also, the study did not incorporate rainfall data,
and since NDVI in the region is rainfall sensitive, some of the
NDVI variation could be due to interannual climate variabil-
ity rather than land-cover change. Another major limitation is
that cross-sensor harmonization was not done, which deems
the cross-sensor trend unfit for use. When aquacultural and
agricultural areas expanded, a decrease in forest area between
the years 2020 and 2024 was observed from the supervised
classification analysis.

Due to the limitations of NDVI in heterogeneous islands,
multi-sensor contexts, and climatic variabilities, and the weak-
ness of the statistical fits, supervised classification for the re-
cent years, i.e., 2020, 2022, and 2024, was done to see the
actual change in LULC classes (Figure 5). The supervised
classification indicated a reduction in forest area (29.17 km?
unadjusted) (Appendix Table 2, Figure 7); however, once cor-
rected for classification error using area-adjusted estimation,
the forest loss was estimated at 10.7 km? (95% CI: —3.6 to
+24.9 km?), considerably smaller than the unadjusted figure

of 29.17 km?. Because the confidence interval marginally
includes zero, this result should be interpreted as a probable
but not statistically confirmed forest decline. The direction of
change, together with the observed class transitions and inde-
pendent reporting of encroachment in the region, is consistent
with ongoing forest conversion; however, the magnitude can-
not be stated precisely at this spatial resolution and sampling
intensity. This contrast between the raw and area-adjusted
estimates highlights that unadjusted classification areas can
substantially overstate land-cover change on heterogeneous
coastal landscapes. The agricultural area has also increased,
which may partially explain the increase in NDVI despite de-
forestation. The Bare/Other class had the lowest producer’s
accuracy of any class in the independent validation (0.32 in
2020 and 0.37 in 2024; Appendix Table 6), meaning a large
proportion of true Bare/Other pixels were not detected by the
classifier*®.

The apparent decrease in this class should therefore be
treated with particular caution, as its magnitude and even di-
rection are uncertain, and it is not treated as a substantive find-
ing. It is suggested from the analysis that using NDVI trends
for LULC change in a multi-sensor context and a heteroge-
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Figure. 6 Percentage change in area per LULC class from 2020 to
2024. Note the decline in Forest and Water and the rise in Aquacul-
ture, Agriculture, and Built-up.

neous island like Maheshkhali can lead to incorrect conclu-
sions, which is also supported by previous literature '°.

This study provides evidence consistent with forest loss in
Maheshkhali Upazila and points to agricultural, aquacultural,
and built-up expansion as likely drivers. However, several
uncertainties temper these findings. Although relying solely
on NDVI trends made it difficult to conclude, using random
forest-based supervised classification helped identify the trend
in LULC change for each class. Hence, in the end, the effec-
tive LULC change was only interpreted for the years 2020 to
2024. This study demonstrates that in contexts of heteroge-
neous coastal islands like Maheshkhali, NDVI trends alone
cannot fully capture the true change in forest area. However,
the pairing of NDVI data with supervised classification based
on the random forest method yields interpretable results. The
results should therefore be read as indicative of a deforesta-
tion trend consistent with independent reporting, rather than
as a definitive quantification of forest loss. The LULC maps
produced can be used in future research as a baseline dataset
to depict change in LULC classes.

Uncertainty is present in the long-term NDVI trend created
due to differences between sensors’ different spectral band
characteristics, radiometric calibration, and detector design 18
which undermined the accuracy of NDVI trends. There is also
uncertainty associated with the supervised classification, as

Net Land Cover Change (2020-2024)

Agriculture -
Aguaculture - Direction
. Gain
Bare/Other . . Loss
-8 -4 0 -

Percentage Point Change

Figure. 7 Net change in LULC by class from 2020 to 2024. Note
that Forest shows the largest net loss.

Land Cover Transition Matrix: Maheshkhali 2020 to 2024

Watter 0.2% 20.6% 5.6% 6.9% 0.9%
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Figure. 8 Land cover transition matrix for Maheshkhali Upazila
from 2020 to 2024, showing the proportion and area of each 2020
land cover class converted to other classes by 2024. Note the propor-
tion of 2020 Forest converting to Agriculture and Built-up.

the absence of ground-truth data limited the ability to rigor-
ously train and validate the classifier. Ground-truth validation
would solidify the accuracy of the study even more, but that
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possibility was ruled out due to a lack of resources and logis-
tical constraints. On top of that, only dry-season imagery has
been analyzed, and although it reduces phenological noise and
cloud, it does not capture seasonal cropping and aquaculture
cycles during the wet season.

The specific loss in the mangrove forest area vs other types
of forests could not be identified due to the limitations of the
classification tool, and all types of forests have been classified
as one class. A low producer’s accuracy for Bare/Other (4)
class also suggests that the change in bare area is less likely to
be correct compared to other classes, leaving possibilities of
an even increase in an area over time.

The restriction of supervised classification to only 2020,
2022, and 2024, instead of the full study period, limited the
temporal scope of LULC change analysis. The transition ma-
trix was produced from a pixel-level overlay of independently
trained per-year classifiers, which introduced interannual in-
consistency*’. The difference between the gross forest loss
shown in the transition matrix and the net loss in Table 2 arises
because some pixels were classified as forest gains, largely
reflecting interannual classifier inconsistency rather than gen-
uine regrowth. Also, the net area change figures in Table 2
give a more accurate quantitative measure of forest loss, even
though the transition matrix gives an idea of what percentage
of the lost forest area is going to what land class, i.e., direc-
tion. Future studies should do supervised classification of the
full study period for a complete analysis of LULC change.
The complementary classes should be investigatedmore, i.e.,
how the change in the area of forest relates to the change in
Agriculture, and how the change in the area of water relates to
the change in bare lands or aquaculture. Furthermore, the pos-
sibility of splitting the island into eastern and western halves,
and separating Mangrove and Hilly forests as different classes,
can be considered to better analyze and study the changes in
aquaculture (western part), and Agriculture and Built-up lands
(western part), as well as specific changes in mangrove or hilly
forests instead of the forest area as a whole >3-

Rainfall data should also be incorporated to reduce the un-
certainties due to climate-driven NDVI variability and get
more accurate, genuine vegetation change data using NDVI
trends, given the strong effect of rainfall in South Asian stud-
ies!!.

This study provides evidence consistent with a probable de-
cline in forest area on Maheshkhali Upazila, driven by ex-
pansion of aquaculture, agriculture, and built-up land. How-
ever, the area-adjusted analysis shows this loss is smaller and
less certain than the raw classification suggests, and it does
not reach statistical significance at the sampling intensity and
resolution used here. The findings should therefore be read
as indicative rather than definitive. The study demonstrates
that NDVI analysis combined with supervised classification
helps in distinguishing sensor artifacts from genuine ecosys-

tem change. While the findings suggest a need for aquacul-
ture zoning and enforcement of existing protections for coastal
forests, such recommendations rest only on a three-year classi-
fication with broad land-cover classes and should be treated as
preliminary. Firmer, spatially targeted management guidance
would require denser temporal sampling and finer forest-type
classes (e.g., separating mangrove from hill forest). The con-
sequences of the loss of coastal forest area in Bangladesh are
far-reaching for shoreline stability and climate resilience, and
satellite-based monitoring of coastal LULC change is neces-
sary for effective coastal governance and policymaking.
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Appendix

Appendix Table 1 Data found for each Landsat used in the study.

Satellite Slope_per_year R? p-value
Landsat 5 0.00649 0.0995 0.0649
Landsat 7 0.00532 0.1335 0.0000
Landsat 8 -0.00011 0.0000 0.9628
Landsat 9 -0.00239 0.0035 0.7560

Appendix Table 2 Change in the area in percentage and km? of different LULC classes from 2020 to 2024.

LULC Class 2020 (%) 2020 (km?) 2022 (%) 2022 (km?) 2024 (%) 2024 (km?) Change Change
2020-24 (%)  2020-24 (km?)
Forest (0) 29.43 114.32 24.62 95.64 21.92 85.15 2151 -29.17
Water (1) 22.97 89.22 21.93 85.18 17.39 67.55 -5.58 21.67
Aquaculture (5) 17.97 69.80 20.02 77.78 21.94 85.23 +3.97 +15.43
Built-up (2) 11.36 44.13 11.13 43.24 16.87 65.53 +5.51 +21.40
Agriculture (3) 10.34 40.16 14.87 57.76 15.76 61.22 +5.42 +21.06
Bare/Other (4) 7.93 30.80 7.43 28.86 6.12 23.78 -1.81 -7.02

Note: Areas are unadjusted pixel-count estimates. Area-adjusted forest estimates with confidence intervals
are given in Appendix Table 7 and supersede the forest figures shown here.

Appendix Table 3 Accuracy percentage of different classes.

Class Producer’s Accuracy (Recall) User’s Accuracy (Precision)

2020 2022 2024 2020 2022 2024
Forest (0) 0.758 0.853 0.842 0.781 0.806 1.000
Water (1) 0.862 0.924 0.855 0.902 0.952 0.979
Built-up (2) 0.976 0.973 0.979 0.934 0.964 0.930
Agriculture (3) 0.852 0.930 0.718 0.885 0.816 0.875
Bare/Other (4) 0.481 0.643 0.759 0.812 0.871 0.815
Aquaculture (5) 0.855 0.886 0.844 0.783 0.775 0.818
Overall Accuracy 0.899 0.925 0.920

Appendix Table 4 Confusion matrix from independent validation for the year 2020 (rows = mapped class; columns = independently interpreted
reference class).

Map \ Reference Forest Water Built-up Agriculture  Bare/Other Aquaculture Total
Forest (0) 272 14 0 22 8 14 330
Water (1) 0 17 0 1 7 25
Built-up (2) 8 2 14 8 7 40
Agriculture (3) 1 0 1 36 1 40
Bare/Other (4) 8 2 0 9 25
Aquaculture (5) 0 3 0 1 5 31 40
Total 289 40 17 67 31 56 500
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Appendix Table 5 Confusion matrix from independent validation for the year 2024 (rows = mapped class; columns = independently interpreted

reference class).

Map \ Reference Forest Water Built-up Agriculture  Bare/Other Aquaculture Total
Forest (0) 314 1 4 6 4 1 330
Water (1) 0 23 0 0 2 0 25
Built-up (2) 4 3 15 12 4 2 40
Agriculture (3) 9 1 27 2 0 40
Bare/Other (4) 2 5 0 0 15 3 25
Aquaculture (5) 0 1 0 4 31 40
Total 329 37 21 45 31 37 500
Appendix Table 6 Per-class sample counts and accuracies from independent validation.
Class n (2020) n (2024) PA 2020 UA 2020 PA 2024 UA 2024
Forest (0) 330 330 0.83 0.82 0.78 0.95
Water (1) 25 25 0.78 0.68 0.76 0.92
Built-up (2) 40 40 0.82 0.35 0.84 0.38
Agriculture (3) 40 40 0.67 0.90 0.66 0.68
Bare/Other (4) 25 25 0.32 0.36 0.37 0.60
Aquaculture (5) 40 40 0.61 0.78 0.91 0.78
Overall accuracy 500 500 0.70 0.74

PA = Producer’s Accuracy (recall); UA = User’s Accuracy (precision). Overall accuracy is the area-adjusted overall accuracy.

Appendix Table 7 Area-adjusted forest area and forest-area change following Olofsson et al. (2014), with 95% confidence intervals.

Estimate Area (km?) 95% CI (km?)
Forest 2020 (area-adjusted) 113.92 104.4 to 123.4
Forest 2024 (area-adjusted) 103.26 92.6t0 113.9
Forest loss 2020-2024 (area-adjusted) 10.66 -3.6t024.9
Forest loss 2020-2024 (unadjusted) 29.17

Appendix Table 8 Training data per class and year, showing the number of digitised polygons and the number of pixels extracted for the

Random Forest classifier.

Class Polygons 2020 Pixels 2020 Polygons 2022 Pixels 2022 Polygons 2024 Pixels 2024
Forest (0) 21 90 22 90 17 70
Water (1) 42 635 37 570 32 180
Built-up (2) 36 1158 35 1099 28 1091
Agriculture (3) 23 69 33 125 35 131
Bare/Other (4) 28 152 28 157 25 148
Aquaculture (5) 24 229 18 112 16 97
Total 175 2333 172 2153 153 1717

Note: No class-balancing was applied. Polygon counts are derived from the training feature lists in the Google Earth Engine scripts.

Pixel counts are the samples extracted at 30 m resolution using sampleRegions.
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