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Do Global Forest Datasets Accurately Map Mangroves in Mumbai?

Aaryamann Goenka!

Received March 7, 2026
Accepted May 30, 2026
Electronic access July 15, 2026

Mangroves are specialised trees that provide significant carbon storage. They also play a crucial role in shoreline stabilization
and natural flood protection, especially in densely populated cities like Mumbai. However, reported estimates of mangrove
extent show differences depending on the datasets and classification methods used. The purpose of this study is to evaluate the
differences between Hansen Global Forest Change (GFC) and Global Mangrove Watch (GMW), so that it can be determined
whether these datasets accurately represent mangroves in Mumbai. This analysis was limited to the Hansen 20N 070E tile and the
merged GMW tiles N20E072 and N20E(073, covering Mumbai’s mangroves and the adjacent Thane Creek system. The method-
ology began by reprojecting the raster datasets to the EPSG:32643 coordinate system, with GMW being used as the reference
mangrove mask. Within this mask, Hansen’s treecover2000, lossyear, and gain layers were used to assess spatial agreement and
forest stability. Results show that approximately 17.5% of GMW pixels are classified as persistent forest in Hansen and 82.5%
as never forest, with detected loss within the mangrove mask effectively absent (14 pixels, ~0.07 ha). This pattern suggests
Hansen captures the dense interior mangrove canopy but misses the majority of GMW pixels along sparse fringes and narrow
tidal channels, likely due to the 10% canopy threshold combined with optical-sensing limitations in intertidal environments.
These findings suggest that Hansen and GMW disagree systematically under this workflow, though without field validation this
disagreement cannot be read as evidence that either product is more accurate. Datasets such as GMW, which incorporate radar
data and additional coastal parameters, may provide more direct coverage for extent mapping and for identifying mangrove zones.
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Introduction

Mangroves are specialised trees and shrubs that grow in saline
water in intertidal zones. They have high carbon dioxide re-
tention capabilities as well as strong, stilt-like roots that help
them survive in muddy and changing water levels, making
them one of the most important coastal habitats around the
world.

They are extremely effective carbon sinks, storing around
1000 tonnes of carbon per hectare. They can contain up to
four times higher carbon stocks than terrestrial forests due to
large underground and soil carbon pools .

Moreover, they act as natural coastal defenders against vari-
ous climate events and calamities2. In fact, a 100-metre belt of
mangroves can reduce wave height by 13—-66% through their
dense root network’s ability to dissipate wave energy and trap
sediments. This buffering effect protects against storm surges
and flood risks®. Apart from this, they aid in trapping sedi-
ments, which stabilize shorelines and reduce erosion.

For densely populated coastal cities such as Mumbai, these
features are extremely critical — their functions are approx-
imately valued at ¥1,700 crore annually as reported by the
Maharashtra Mangrove and Marine Biodiversity Conservation
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Foundation, with peer-reviewed studies further documenting
the ecosystem-service value of Mumbai’s mangroves*, and
the Thane Creek mangrove belt has been measured as hav-
ing averages above- and below-ground carbon densities of ap-
proximately 117-128 Mg C ha~!3. Apart from the ecological
aspects, these mangroves also protect fishing communities’
livelihoods by promoting biodiversity and providing nursing
grounds for fish and other marine life®. Overall, all the afore-
mentioned functions of mangroves make them indispensable
for the environment, especially in the case of Mumbai itself.

Mumbeai, one of India’s most densely populated cities, con-
tains one of the largest urban mangrove covers in the world.
These are spread all around the periphery of Mumbai, with
the majority of mangroves being concentrated in Thane Creek,
Mahim, Versova, and Gorai’. The reported total cover varies
due to varying mapping methods, but recent studies show
Greater Mumbai’s mangrove cover is around 50-70 km?,
while the Mumbai suburban district contributes around 64 km?
of mangroves®. The Thane Creek Sanctuary is the largest pro-
tected mangrove region in the area, with a reported site area of
around 65 km? according to one source, and 90 km? accord-
ing to another. This disagreement may be an effect of how
boundaries are defined (such as the inclusion/exclusion of ar-
eas enclosed within mangroves)®$.
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However, despite their importance, Mumbai’s mangroves
have faced continuous threats of destruction, fragmentation,
or thinning from many different angles. Due to the rapid ur-
banization in Mumbai, projects such as the Coastal Road and
other industrial development, together with illegal encroach-
ment, have contributed to mangrove loss and fragmentation.
Moreover, recurring issues as a result of weak regulatory en-
forcement including untreated sewage discharge and illegal
waste dumping have degraded the water and land where man-
groves usually thrive, hence posing a threat to their health.
Rapid climate change, sea level rise, and the increased fre-
quency of extreme rainfall alter the habitat of mangroves ir-
reparably, further worsening this crisis.

Numerous studies have attempted to quantify the exact
changes of mangrove cover in Mumbai, but most have vary-
ing results based on spatial extent, time frame, as well as res-
olution of imaging. Some studies that employ satellite im-
agery (Landsat or Sentinel data) have reported local increases
or even doubling of mangrove cover in parts of Thane Creek
from 79.14 km? in 1990 to 154.5 km? in 2017 attributed to
the deposition of sediment that has allowed mangroves to
spread closer to the center of the creek”?. In contrast, some
other studies report marginal declines or near stability in total
mangrove cover over multiple decades, with the total man-
grove area in Mumbai being 50.52 km? in 2004, and 48.7
km? in 2013, More recent satellite-based assessments us-
ing machine-learning classifiers and high-resolution imagery
have continued to refine these estimates !'"'>. These contrast-
ing findings are likely due not only to differing in the spa-
tial scales analyzed but also too the datasets and classification
methods employed.

This study focuses on a comparison of mangrove datasets
in Mumbai using two major global datasets: Hansen Global
Forest Change (GFC) and Global Mangrove Watch (GMW).
The scope of this paper is limited to evaluating spatial agree-
ment, temporal detection behavior, and classification stabil-
ity of areas within Mumbai’s coastal regions. Additionally,
the research does not attempt to quantify actual area loss, or
to model future scenarios, but rather focuses on how dataset
choice can influence interpretation of both extent and persis-
tence in these surrounding regions.

One potential limitation of this study is that it is constrained
to Mumbai and its surrounding coastal mangrove areas. For
the analysis we used: the Hansen 20N 070E tile and the
merged GMW tiles N20E072 and N20EQ73, which covered
the majority of mangroves found surrounding Mumbai’s ur-
ban area and Thane Creek. Some mangroves near the very
edges of these tiles may fall outside the aligned analysis grid,
which is noted as a minor scope limitation. Because the study
covers a relatively small area’ its findings provide useful in-
sightsinto dataset performance in this coastal context. How-
ever, they cannot be directly generalized to other mangrove

systemsbecause of differences in canopy structure, sediment
characteristics, tidal cycles, or climate. Moreover, Mumbiai it-
self is a unique coastal ecosystem considering that it is one of
the few metropolitan cities surrounded by mangroves. There-
fore, its ecology differs from others such systems.

Additionally, the comparative analysis is limited to two
widely used datasets: Hansen Global Forest Change (GFC)
and Global Mangrove Watch (GMW). Although these are
among the most commonly referenced datasets for most use
cases because they combine multiple satellite data sources,
other high-resolution or region-specific datasets were not in-
cluded in this paper such as ESA WorldCover '3, or the JAXA
ALOS PALSAR dataset!*. As a result, the conclusions
only reflect agreement and disagreement between these two
datasets do not represent all available mangrove -or forest
monitoring products.

Methods

Study Area

The study is focused on the mangrove ecosystems within the
Mumbai region in India. The analysis was restricted to the
tile corresponding to 20N, 70E in the Hansen dataset, with the
mangrove mask defined from the corresponding GMW tiles
(N20EQ72 and N20EO73, merged). This tile encompasses the
majority of the mangrove cover surrounding Mumbai, includ-
ing Thane Creek, Mahim, Versova, and Gorai. All spatial
analyses were conducted at the pixel level within this defined
region.

Hansen Global Forest Change (GFC)

The Hansen Global Forest Change (GFC) product is a general
forest temporal dataset derived mainly from Landsat optical
imagery with a 30 m resolution, which maps tree cover and
annual loss/gain using canopy cover and height thresholds 3.
Since it does not explicitly separate mangroves from other for-
est or wetland vegetation, it is more susceptible to the effects
of cloud cover, mixed coastal pixels, and flooding, leading to
the omission or misclassification of mangroves.

In this dataset, forest is defined as vegetation with more
than 10% canopy cover. The GFC layers used in this study
are: tree cover baseline (treecover2000), which records the
percentage canopy cover for each pixel as of the year 2000;
loss year (lossyear), which encodes the calendar year a pixel
transitioned from forest to non-forest as integers from 1 (cor-
responding to 2001) through 24 (corresponding to 2024), with
0 meaning no detected loss; and forest gain (gain), a binary
flag marking pixels classified as gaining forest cover between
2000 and 2012. The first and last reflectance composite bands
provided in the GFC product were not used in the tempo-
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Table 1 Comparison of datasets used in this study (Hansen Global Forest Change vs Global Mangrove Watch). Summary of key dataset
characteristics relevant to mangrove mapping and comparison, including whether the product is mangrove-specific, spatial resolution, sensor
type (optical vs radar and optical), classification approach, and expected limitations in coastal/intertidal environments.

Landsat data(Optical Imagery) —
Defines trees as vegetation with
canopy cover above 10% (the
thershold used in this study)
Uses decision tree classification
to classify trees

Dataset Description Strengths Limitations
Hansen  Global  Forest | -Not mangrove-specific —30 m | -Annual dataset —High-resolution | -Optical imagery means may be
Change 1 resolution using NASA/USGS | forest loss data affected by cloud cover and tidal

variation. The classification may
also confuse mangroves with for-
est types.

Global Mangrove Watch 1° -Mangrove-specific —10 m res-
olution using ALOS PALSAR,
ESA World cover, Landsat (radar
and optical imagery) —classifies
mangroves found in intertidal
forests in coastal regions. Uses
object-based classification as

well as radar texture

-High reported accuracy -
published  validation (94.0%
accuracy) ' due to object-based
classification and radar and
optical (cloud and tidal effects
have less influenceon the data)

-Not strictly annual

ral analysis because they contain Landsat reflectance values
rather than annual forest-state data.

Global Mangrove Watch (GMW)

The GMW dataset provides a spatially explicit binary classifi-
cation of mangrove extent. GMW is a mangrove-specific spa-
tial dataset that integrates radar data (ALOS PALSAR) with
optical imagery and coastal habitat masks, allowing it to more
accurately detect mangroves in waterlogged, intertidal envi-
ronments '®. The Global Mangrove Watch v3 dataset (2020
epoch) was used in this study!’; the two tiles N20E072 and
N20EO073 were merged before analysis to cover the full Mum-
bai coastline and Thane Creek system. GMW itself is not free
of error: published validations note omission and commission
errors of narrow or fragmented mangrove patches, increased
uncertainty in disturbed or intertidal regions, and artefacts in-
troduced by sensor limitations, which can lead to under- or
over-counting of mangrove pixels in some regions'”!8. Due
to their unique techniques of collecting data, including differ-
ences in sensor type (only optical vs radar and optical), clas-
sification thresholds, spatial resolution, and ecological con-
straints, there are often discrepancies between the two.

In this study, the GMW was the reference mask used to
define the spatial extent within which all subsequence anal-
yses were performed, not as a validated ground truth. Un-
like GMW, the Hansen dataset does not distinguish mangroves
from other forest types. It detects tree cover based on spectral
classification and canopy thresholds.

Raster Preprocessing and Spatial Alignment

All raster preprocessing was performed using Python, primar-
ily with the Rasterio, NumPy, and Pyproj libraries '°-?2. The
Hansen GFC analysis covers the period from 2000 to 2024,
set by the treecover2000 baseline and the 2024 release of the
lossyear band.

A major issues in comparing the dataset is that they use dif-
ferent coordinate reference systems (CRS). This makes it dif-
ficult to conduct a direct comparison between the two datasets.
Thus, we first projected both datasets onto a common pro-
jected coordinate system: EPSG:32643 (UTM Zone 43N).

This projection was selected because it is appropriate for
western India and allows accurate area calculations in meters.
Reprojection was performed using nearest-neighbor resam-
pling to preserve categorical integrity of forest and mangrove
classifications.

Subsequently, we aligned the two grids to allow for a pixel-
level comparison. The GMW raster was resampled to match
the Hansen grid so that each pixel represented the same geo-
graphic area across datasets.

Then the pixel area was calculated using : Pixel area (m?) =
|pixel width x pixel height| , and area in hectares was calcu-
lated as, Area (ha) = (pixel count x pixel area in m?) / 10,000.
All statistics in the Results section come from this calculation.

Nodata pixels in treecover2000 and lossyear were treated
as zero after masking to the GMW extent. Pixels where the
GMW mask was zero or nodata were excluded from all calcu-
lations.

A mask was created from the merged GMW tiles to re-
strict all analysis to mangrove pixels. Within this mask, three
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pixel classes were derived from the GFC layers. Pixels with
treecover2000 below 10% and gain equal to O were classified
as never forest. Pixels with treecover2000 at or above 10% and
lossyear equal to 0 were classified as persistent forest, since
they were forested in 2000 with no detected loss. Pixels with
treecover2000 at or above 10% and lossyear greater than 0, or
where gain equalled 1 and lossyear was greater than 0, were
classified as temporary forest. In the classification , never for-
est represents pixels that Hansen did not identify as canopy,
persistent forest captures stable canopy across the record, and
temporary forest captures pixels with detected loss at some
point.
In compact form:

never forest := treecover2000 < 10 AND gain == 0
treecover2000 > 10 AND lossyear == 0
temporary forest := (treecover2000 > 10 AND lossyear > 0)

OR (gain == 1 AND lossyear > 0)

persistent forest =

For temporary forest pixels, the calendar year of forest loss
was recovered by adding 2000 to the lossyear value (so a
lossyear of 8 corresponds to 2008). The distribution of these
decoded years was used to assess when within the 2001-2024
record forest loss was detected within the GMW mask.

To quantify agreement between datasets, three spatial com-
parisons were computed: the count of mangrove pixels within
the GMW mask that Hansen also classified as forest, the count
of mangrove pixels inside GMW that Hansen did not classify
as forest, and the count of Hansen forest pixels falling outside
GMW mangrove areas. These are summarized both visually
and numerically in the Results section.

Results

After reprojection and grid alignment to the Hansen 30 m res-
olution grid (EPSG:32643), the total mangrove area within the
study region was calculated as approximately 12,852 hectares
(ha) based on the merged Global Mangrove Watch (GMW)
mask. This figure exceeds Mumbai-specific mangrove cover
estimates of 50-70 km2 cited in some sources because the
merged GMW tiles also include adjacent mangrove systems
along Thane Creek and the broader Konkan coastline within
the analysis region. All subsequent forest detection analysis
was restricted to these mangrove-classified pixels.

These results show that Hansen classifies approximately
17.5% (2,251.96 ha) of GMW pixels as persistent forest and
82.5% (10,600.34 ha) as never forest. Detected forest loss
within the mangrove mask was effectively absent, with only
14 pixels (= 0.07 ha) classified as temporary forest. Fur-
thermore, the spatial visualizations show clear areas where
Hansen detects forest outside GMW mangroves and vice

versa. Put together, these findings suggest that Hansen de-
tects a stable persistent core within the GMW mask but con-
sistently misses the majority of GMW-classified pixels, partic-
ularly along sparse fringe and edge areas. The disagreement is
consistent with the limitations of optical sensing in intertidal
environments.

Spatial agreement between Hansen GFC and GMW mangroves
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Fig. 1 Overlap and disagreement between Hansen forest signal
and GMW mangroves (aligned grid). Map comparing the Hansen-
derived forest signal with the Global Mangrove Watch (GMW) man-
grove mask after reprojection and grid alignment (EPSG:32643).
Green indicates overlap pixels classified as mangrove by GMW and
forest by Hansen under the chosen forest definition (canopy-cover
threshold stated in Methods). Purple indicates GMW mangrove pix-
els not detected as forest in Hansen (mangrove-only). Orange indi-
cates Hansen forest pixels outside the GMW mangrove mask (forest-
only). Axes are in projected meters and represent the aligned analysis
grid.

The Hansen-only area covers the entire 10°x10° tile and
largely reflects non-mangrove forest cover across the broader
Konkan and Western Ghats region; it is reported here for com-
pleteness but is not directly comparable to the GMW man-
grove extent.

In terms of the classification of mangroves within the
GMW mask, the results show that approximately 2,251.96 ha
(17.5%) of pixels is classified as persistent forest by Hansen
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Table 2 Area breakdown of agreement between Hansen GFC and GMW within the analysis region.

Class Area (ha) % of GMW total
GMW only (mangrove pixels not detected as forest by Hansen) 10,600.34 82.5%

GMW + Hansen overlap (mangrove pixels detected as forest by Hansen) | 2,251.96 17.5%

Hansen only (forest pixels outside the GMW mask) ~8.1x 10° not directly comparable

— pixels that crossed the 10% canopy cover threshold in 2000
and showed no detected loss through 2024. Approximately
10,600.34 ha (82.5%) are classified as never forest, meaning
Hansen’s treecover2000 layer never registered them as forest
under the 10% canopy threshold and no gain was recorded.
The median canopy cover within the GMW mask is 0% and
the mean is 3.27%, with 82.5% of pixels falling below the
10% threshold (Figure 2), confirming that the disagreement is
driven by the threshold itself rather than by sensor instability
over time.

Distribution of canopy cover (treecover2000) within GMW mangrove mask
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Fig. 2 Distribution of Hansen treecover2000 values within the GMW
mangrove mask. Histogram of canopy cover percentage for all
172,727 GMW pixels (5%-wide bins). The dashed red line marks
Hansen’s 10% forest threshold. 82.5% of pixels fall below the thresh-
old (mean = 3.27%, median = 0%), with the remaining 17.5% spread
across canopy cover values from 10% to approximately “30%. Pixels
above the threshold correspond to the persistent-forest class shown
in Figure 3.

Temporary forest pixels are essentially absent in the dataset:
only 14 pixels (= 0.07 ha) within the entire GMW mask have
a detected loss event between 2001 and 2024. As a category,
temporary forest contributes negligibly to the analysis (less
than 0.001%) and is best read as scattered noise at 30 m reso-
lution rather than as evidence of meaningful mangrove loss.

Together, these results suggest that Hansen detects a stable
persistent core of mangrove canopy within the densest creek
clusters, while systematically missing the majority of GMW-
classified pixels. The class map (Figure 3) and a zoom into
the southern Mumbai cluster (Figure 4) show that never-forest
pixels are concentrated along creek edges, narrow tidal chan-
nels, and sparse outer-fringe areas where canopy density is be-
low the 10% threshold, rather than in dense mangrove cores.

This pattern is consistent with the optical-sensing limitations
described earlier, not with widespread mangrove loss.

Hansen GFC forest classification within GMW mangrove mask
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Fig. 3 Mangrove forest presence classes derived from Hansen GFC
layers within the GMW mangrove mask. Categorical map classify-
ing GMW pixels into: never forest (treecover2000 below 10% with
no gain recorded), persistent forest (treecover2000 > 10% with no
detected loss through 2024), and temporary forest (treecover2000 >
10% with a detected loss year, or gain followed by loss). Class defi-
nitions follow the criteria stated in Methods.

The temporal distribution of the few detected loss events
is shown in Figure 5. Of the 14 loss pixels, 5 (36%) have a
recorded loss year in 2003-2008 and 9 (64%) in 2023-2024;
the median loss year is 2008. Given the small absolute count,
this distribution is best interpreted as scattered noise rather
than systematic forest loss within the GMW mask.

These results indicate that Hansen’s forest classification is
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Spatial pattern of never-forest and persistent-forest pixels
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Fig. 4 Spatial pattern of never-forest and persistent-forest pixels
within a southern Mumbai mangrove cluster. Zoom on the central
Mahim—Versova system and the adjacent eastern peninsular patch
(EPSG:32643, eastings 265-290 km, northings 2,110-2,140 km).
Persistent forest (dark green; treecover2000 < 10% with no detected
loss) clusters in dense interior patches, while never-forest (gray;
treecover2000 < 10%) wraps fringes, narrow tidal channels, and
outer-island edges. Class definitions follow the criteria in Methods.
Temporary forest is not visible at this scale (14 pixels in total across
the full GMW mask).

Distribution of Hansen forest loss years within GMW mangroves
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Fig. 5 Distribution of Hansen-detected forest loss years within the
GMW mangrove mask, 2001-2024. Histogram includes only the 14
GMW pixels (= 0.07 ha) where Hansen recorded a loss-year value.
A small cluster of pixels falls in 2003-2008 and the remainder in
2023-2024.

internally consistent across the GMW mask — pixels above
the canopy threshold remain classified through 2024 — but the
threshold itself excludes the majority of pixels GMW identi-
fies as mangrove. The disagreement between the two products
therefore reflects a difference in detection sensitivity rather
than temporal instability of the forest signal.

Discussion

Although approximately 17.5% of mangrove pixels are clas-
sified as persistent forest in Hansen, the fact that 82.5% is
not classified as forest suggests that Hansen’s forest definition

does not consistently capture mangrove ecosystems under its
10% canopy threshold. This disagreement appears to reflect a
difference in detection sensitivity rather than large-scale man-
grove loss, as cumulative loss within the mangrove mask was
minimal over the study period.

Disagreement between Hansen and GMW is expected be-
cause the datasets are designed for different purposes and
are built from different sensors and classification assump-
tions. Hansen Global Forest Change is a general-purpose for-
est monitoring product derived primarily from Landsat opti-
cal imagery and canopy cover thresholds. In contrast, GMW
is designed specifically for mangroves and integrates radar
(ALOS PALSAR) with optical imagery and coastal habitat
constraints to improve detection in intertidal environments.

Several factors can plausibly explain why Hansen misses
the majority of GMW-classified pixels. Mangroves occur
in intertidal zones where the observed surface reflectance
changes substantially with tidal stage>*. Even if vegetation is
unchanged, the mixture of water, mudflat, and canopy within
a pixel can vary across images, causing unstable classification
at 30 m resolution.

Additionally, mangrove canopy structure is often heteroge-
neous and can be sparse or low in height compared to many
inland forests. Pixels with canopy cover near a fixed threshold
(e.g., 10%) may move above or below the detection boundary
due to seasonal effects, partial inundation, atmospheric condi-
tions, or mixed-pixel effects>*.

Moreover, optical imagery is sensitive to cloud cover and
haze, which can reduce usable observations and increase un-
certainty in coastal regions. Radar-based inputs in GMW
are less affected by cloud cover and can better discriminate
against vegetated surfaces in wet environments, contributing
to higher classification stability 232,

These factors jointly suggest that Hansen’s forest detection
signal may reflect canopy threshold sensitivity as much as eco-
logical structure when applied to mangroves.

A critical interpretation point is that “never forest’ in this
analysis does not necessarily represent the absence of man-
groves. Instead, it indicates that Hansen does not detect
canopy at that pixel under its 10% threshold. Therefore, the
observed dominance of never forest classifications should be
interpreted as a limitation of applying a general forest product
to coastal wetland vegetation, not as evidence that mangroves
are absent from these areas.

This distinction is important because Hansen products are
frequently used in environmental monitoring workflows and
policy discussions. If mangroves are frequently mischarac-
terized as non-forest, conclusions about mangrove extent or
change derived from Hansen alone may be biased.

Mangroves are increasingly treated as natural infrastructure
due to their role in coastal protection and flood risk reduction.
For cities such as Mumbai, mangrove mapping supports envi-
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ronmental impact assessment, coastal regulation compliance,
and resilience planning. The results here imply that dataset
choice can strongly influence interpretation of mangrove ex-
tent and change.

Specifically, Hansen-derived forest detection metrics may
underrepresent mangrove extent in intertidal environments.
However, since this study does not include field validation,
the disagreement between the two products under this work-
flow does not establish that one is more accurate than the
other. GMW-style mangrove-specific products, which incor-
porate radar and coastal constraints, may be better suited to
baseline extent mapping and identifying mangrove zones for
planning purposes.

This study has several limitations. It focuses on a single
geographic region (Mumbai) and a limited spatial tile. Re-
sults may not directly generalize to mangroves with different
canopy structures, sediment regimes, tidal ranges, or climatic
conditions. This analysis compares only two widely used
datasets. Additional datasets (e.g., ESA WorldCover man-
grove classes or regionally validated mangrove maps) could
provide further context. The comparison framework also has
a temporal mismatch: GMW v3 represents a single 2020
epoch baseline, while the Hansen analysis covers 2000-2024
through the treecover2000 baseline and the lossyear band. The
two products are therefore being compared across different
temporal references, and the persistence findings should be
read with this design constraint in mind. Finally, this study
does not include field validation. Instead, it focuses on inter-
nal consistency and comparative behavior between datasets.
These results should therefore be read as a caution about
dataset choice, rather than a comprehensive assessment of
mangrove change in Mumbai.

Overall, the results suggest that Hansen Global Forest
Change detects a stable persistent core of canopy within Mum-
bai’s mangroves but misses the majority of GMW-classified
pixels under its 10% canopy threshold. The disagreement
between Hansen and GMW is systematic and likely driven
by sensor modality differences, intertidal mixed-pixel effects,
and threshold-based classification limitations. Since this study
does not include field validation, these findings show product
disagreement under the workflow used here rather than rela-
tive accuracy of either product. They nonetheless suggest that
mangrove monitoring should account for the design assump-
tions of any single-source forest dataset.
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