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A B S T R A C T

Mangrove forests are found across the Gulf Cooperation Council (GCC) region despite challenging
environmental extremes, including highly variable temperatures and hypersalinity. Understand-
ing the biophysical and anthropogenic factors that influence mangrove forest growth is key to lo-
cate suitable areas for regeneration and afforestation activities. The main objectives of this study
were to develop a mangrove forest regeneration age map that represents the age of all the exist-
ing secondary mangroves in the past 37 years (1986–2023). Long-term Landsat satellite imagery,
the random forest classification algorithm, and logistic regression analyses were used to identify
the existing secondary mangroves and determine the underlying drivers that contribute to the
successful afforestation of mangroves in the region. Our results showed that only around 8.5% of
secondary mangrove forests in the GCC region were older than 30 years, with mangroves younger
than 5 years being the most abundant age class (41.3%). Saudi Arabia and Oman have the highest
percentages of young mangroves, while relatively older secondary mangrove forests were most
common in Bahrain, Qatar, and UAE. The current trends in overall mangrove area show that the
UAE and Saudi Arabia have the largest total mangrove area among the GCC countries, followed
by Qatar, Oman, Bahrain, and Kuwait. The results of the stepwise logistic regression show that
the main drivers that influence mangrove regeneration are lower elevation, lower slope, higher
available soil moisture, lower average temperatures, higher precipitation, greater proximity to
freshwater sources, lower population density and greater distance from agricultural and urban ar-
eas. Our results aim to offer support to decision-making in selecting optimal areas for new plant-
ing initiatives in the region.

1. Introduction
Mangrove ecosystems consist of multiple tree and shrub species located in intermittently inundated intertidal zones (Assaf et al.,

2022). They are considered ecologically and economically important in all coastal regions across the tropics (Leandro et al., 2022)
due to their capacity to provide stability, protection and resilience against natural disasters in coastal areas (Raihan et al., 2023) as
well as a multitude of other ecosystem services (Barbier et al., 2011). Mangroves in the Gulf Cooperation Council (GCC) region,
specifically Avicennia marina (gray mangrove; the dominant species) and Rhizophora mucronata (red mangrove) (Almahasheer, 2018),
are often found as robust evergreen forest ecosystems widespread across the region despite the harsh environmental extremes such as
highly variable temperatures and hypersalinity (Friis and Burt, 2020). Both species sustain themselves in their local environment due
to their capability to adapt to higher salinity levels through genetic, physiological and morphological adaptations (Friis and Killilea,
2024; Shaltout et al., 2020). The total mangrove area in the GCC, while only representing a small fraction (0.11%) of the global man-
grove extent of around 147,300 km2, plays an outsized role in supporting biodiversity and ecological integrity in Saudi Arabia, UAE
(United Arab Emirates), Qatar, Oman, Kuwait, and Bahrain (Friis and Killilea, 2024; Loughland et al., 2020; Bunting et al., 2022).

In the GCC countries, mangroves provide multiple ecosystem services with some specificities (Rondon et al., 2023), namely: a) wa-
ter purification and filtration contributing to nutrient cycling, b) livelihood benefits such as pasture for camels and timber and wood
for housing activities, c) protection against natural hazards such as high waves, flooding from storm surges, and coastal erosion, guar-
anteeing coastal shoreline stability, d) creating biodiversity hotspots by providing habitat for fisheries and other fauna (making this
an important ecosystem for recreational and ecotourism activities) (Alsumaiti 2017; Mateos-Molina et al., 2021), and e) climate
change mitigation through carbon sequestration (Lutz et al., 2011). This latter service is particularly critical, as mangroves function
as carbon sinks (i.e. blue carbon) due to the significant storage potential (Donato et al., 2011). Carbon storage from mangroves has
been estimated to be around 1200 tonnes of carbon per hectare (Elmahdy et al., 2020a) and at a global scale, mangroves are responsi-
ble for the sequestration of 25.5 million tonnes of carbon annually (Khader, 2023). This capacity is essential to the carbon-intensive
economies of the GCC countries. Notably, in 2019, carbon emissions per capita in the GCC were among the highest globally. While the
global average was 4.7 tCO2e (carbon emissions in metric tons) per person, within Qatar it was 32.47 tCO2e, and within the UAE it
was 19.33 tCO2e (Climate Watch, 2022). This highlights the potential of mangroves — if planted in optimal locations after consider-
ing climatic and anthropogenic factors – in offsetting emissions, in arid zones where freshwater is limited and other forest types are
rare (Krauss et al., 2022).
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Mangrove forests in the GCC are under pressure from a mix of natural and anthropogenic factors. In a recent study (Rondon et al.,
2023) five main threats were identified: a) pollution from oil spills, sewage, and desalination plant operations, b) climate change-
driven sea level rise and hypersalinity, c) coastal shoreline erosion and flooding, d) overexploitation of mangrove-resources such as
for grazing or timber, and e) coastal development due to the rapid urban expansion in coastal areas. Natural disasters such as cyclones
can also impact the regeneration dynamics of mangroves. Anthropogenic factors such as hydrological modifications, have affected
mangroves negatively in Abu Dhabi (Alsumaiti and Shahid, 2019). The mangrove habitat establishment stage is highly influenced by
various factors, including currents, water depth, wind, salinity, geomorphology, topography, tidal inundation, propagule predation,
morphology, light, and nutrient availability (Otero et al., 2019).

A number of mangrove regeneration and restoration initiatives are being undertaken in the GCC region which aim to mitigate the
impacts of climate change (Otero et al., 2019; Assaf et al., 2022; Burt and Bartholomew, 2019; Cougo et al., 2015; Leandro et al.,
2022; Raihan et al., 2023). In Saudi Arabia, the restoration efforts on Al-Sharifa Island in the Red Sea have achieved a promising sur-
vival rate for planted A. marina saplings, which stood at 39% after 2 years, similar to the global average for the species
(Chithambaran, 2019; Gorman et al., 2022). Saudi Aramco has established mangrove plantations along the Arabian Gulf and Red Sea
coasts since 1993 and a mangrove eco-park in 2021 that conserves 64 km2 of marine habitats (Aramco, 2023; Li et al., 2019). In the
UAE, the Abu Dhabi National Oil Company (ADNOC), targets the future planting of 10 million mangrove trees as part of the UAE Na-
tional Mangrove Planting Initiative (Morgan, 2023). The Abu Dhabi National Energy Company (TAQA) in its “Tree for 50″ campaign
planted 50,000 new mangroves on Al Jubail Island in 2022 (Ismail and Hussein, 2022). Qatar has also taken some initiatives such as
the establishment of the Al-Reem biosphere reserve in 2005, which includes mangrove habitats (Clüsener-Godt and Cárdenas
Tomažič, 2016) and the planting and conservation mangrove program of Ras Laffan Industrial City in 2012 (Milani, 2018). In Kuwait,
successful planting has occurred in Kuwait Bay and on the artificial islands of Sabah Al-Ahmad Sea City (Loughland et al., 2020). Pre-
vious attempts were made to establish mangrove plantations in Kuwait in the 1960s, but were unsuccessful (Firmin, 1968). In Oman,
a partnership with the Japanese government has driven the planting of saplings in most of the governorates since 2000 (UNEP, 2018).
In Bahrain, sea level rise presents a serious threat and mangrove restoration and regeneration are considered as important climate
mitigation strategies.

Considering the fragility of mangrove forests and the recent interest in mangrove restoration activities in the GCC, it is of para-
mount importance to understand the climatic, anthropogenic, and environmental factors that influence mangrove forest health and
growth in order to locate suitable areas for regeneration activities and optimize survival rates. The two objectives of this study were:
i) to develop a mangrove forest regeneration age map – which represents the age of all the existing mangroves that were planted in
the past 37 years. For this, long-term (1986–2023) Landsat satellite imagery and the random forest classification algorithm were
used; and ii) to identify the underlying drivers that contribute to the successful afforestation of mangroves in the GCC region using lo-
gistic regression analysis. Our work holds potential to assist countries implement their afforestation and carbon sequestration goals in
a resilient manner, and help enhance strategic planning and monitoring paradigms.

2. Methods
2.1. Study area

The GCC region (Fig. 1) has a subtropical climate with marked environmental extremes, usually characterized by highly variable
and extreme temperatures with high salinities (Vaughan et al., 2019; Carvalho et al., 2019). The soil texture of this region is mostly ei-
ther sandy, loamy sand or sandy loam (Bashour et al., 1983). The Gulf's climate, intensely tropical in summer and more temperate in
winter, significantly influences the local biota, particularly mangroves. Mangrove species are limited by the occurrence of maximum
temperatures (above 40 °C) – conditions beyond their tolerance over a long period can cause morphological and physiological
changes (Friis and Burt, 2020; Almahasheer, 2019; Mafi-Gholami et al., 2020, 2021). The mangroves in the GCC are at their northern
ecological distribution limits and can also be constrained by winter cold and hypersalinity. Salinity levels also vary across the region,
with lagoons in the Arabian Gulf regularly exceeding 50 PSU (Practical Salinity Unit), and can reach over 70 PSU in tidal ponds (Burt
and Paparella 2023). Qatar's ocean salinity ranges between 33 and 45 PSU (Rakib et al., 2021; Elobaid et al., 2022; Al-Ansari et al.,
2022) and Saudi Arabia's Al-Kharrar Lagoon has an average of 40.5 PSU (Al-Dubai et al., 2017; Blanco-Sacristán et al., 2022). As men-
tioned earlier, the region is home to two mangrove species, Avicennia marina which grows naturally in all of the GCC countries (except
Kuwait) and the less common Rhizophora mucronata, both well adapted to the extreme environmental conditions of high temperatures
and hypersalinity (Almahasheer, 2018; Friis and Burt, 2020; Getzner and Islam, 2020; Rondon et al., 2023).

2.2. Data and preprocessing
2.2.1. Data sources

Landsat 5 Thematic Mapper (TM), 7 Enhanced Thematic Mapper (ETM+) and 8 Operational Land Imager (OLI) images were used
to map mangroves in the GCC region from 1986 to 2023. These images provided consistent 30-m spatial resolution data, which al-
lowed for the identification of mangrove cover through a combination of spectral bands particularly sensitive to vegetation. Five spec-
tral bands namely Green, Red, Near Infrared (NIR), Shortwave Infrared 1 (SWIR1) and Shortwave Infrared 2 (SWIR2) were used.
These spectral bands are represented as Band 3 (0.63–0.69 μm), 4 (0.77–0.90 μm), 5 (1.55–1.75 μm), and 7 (2.09–2.35 μm) in the
Landsat 5 and 7 images and Band 4 (0.636–0.673 μm), 5 (0.851–0.879 μm), 6 (1.566–1.651 μm) and 7 (2.107–2.294 μm) in Landsat
8 images. These bands are optimal for detecting the unique spectral signatures of mangroves (Li et al., 2019). To maintain consistency
in temporal analysis, the selection of imagery from both satellites was standardized to scenes with minimal cloud cover and during
similar seasonal periods (July to December) to mitigate the impact of phenology on the spectral signature and to align data collection
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Fig. 1. Location of the study area GCC countries.

with the growing season of Avicennia marina (Hegazy, 1998). The GCC experiences mostly clear skies with cloud cover less than 10%
during this period.

The 30-m resolution Advanced Land Observing Satellite Digital Surface Model (ALOS DSM) was also used to delineate mangrove
ecosystems. Administrative boundaries, critical for defining the study area, were delineated using the global administrative areas
(GADM) database (version 2.5, July 2015). The use of this dataset provided accurate administrative divisions, ensuring that the as-
sessment of mangrove cover was confined to the geopolitical limits of the country members of the GCC (Yancho et al., 2020). In addi-
tion, data from the 30-m resolution Global Mangrove Watch (GMW) shapefile (Bunting et al., 2022) were used as a guide to show the
extent of mangroves in the study area for the construction of mangrove bounding geometry. The coastal region of the GCC was used
for this study by visually cross-referencing the mangrove areas in Google Earth Pro historical imagery and the Global Mangrove
Watch 3.0 as references. A buffer area extending 10 km inland and 5 km seaward was applied for analysis.

2.2.2. Data pre-processing
The preparation of Collection 2 Level 2 Landsat 5, 7, and 8 datasets involved cloud masking, computation of various indices, im-

age compositing, and masking based on elevation and index thresholds. All the spatial operations and analyses were performed in the
Google Earth Engine (GEE) platform (Gorelick et al., 2017). The first step in pre-processing was cloud masking, which is critical for
mitigating the impact of cloud cover and shadows on satellite imagery. Using the ‘QA_PIXEL’ for Landsat datasets, a cloud masking
function was applied. This function was vital for discerning vegetated regions within the imagery. By integrating temporal parameters
to link the phenologically active season of Avicennia marina to the cloud masking algorithm, we ensured that only the reliable, cloud-
free pixels were retained for analysis, as described by Mahamunkar et al. (2022). A gap filling algorithm was also used to mask the
Landsat 7 ETM + scan line corrector (SLC) error.

Subsequently, we calculated 7 spectral indices commonly used for mangrove identification. These indices included: 1) the normal-
ized difference vegetation index (NDVI); utilizes the reflectance of Red and Near-Infrared (NIR) bands to indicate vegetation health
based on chlorophyll content; the index values range between −1.0 and + 1.0, with high positive values indicating healthy and dense
vegetation (Gupta et al., 2018; Hereher and Al-Awadhi, 2019; Mohanty et al., 2023; Nardin et al., 2016; Habibullah et al., 2022;
Phong and Nuong, 2023); 2) the modified normalized difference water index (MNDWI); uses Green and ShortWave InfraRed (SWIR)
bands to maximize the reflectance from water bodies and minimize land noise, effectively delineating water from land (Hickey and
Radford, 2022; Habibullah et al., 2022; Sahadevan et al., 2021); 3) the normalized difference mangrove index (NDMI); designed to
highlight the spectral differences between mangrove forests and terrestrial vegetation by comparing the reflectance in the Green and
SWIR bands (Habibullah et al., 2022); 4) the simple ratio (SR) (Elmahdy et al., 2020b; Yancho et al., 2020); 5) Band Ratio 54; 6) Band
Ratio 35; and 7) the Green Chlorophyll Vegetation Index (GCVI), a vegetation index sensitive to chlorophyll content (Table 1).

A composite image of the Landsat imagery was then created using the “median reducer”. The masking process was dual-faceted.
First, the ALOS DSM was utilized to mask areas above 30 m and below −5 m in elevation to mean sea level, as mangroves typically oc-
cur at lower elevations (Bunting et al., 2018). Previously, remote sensing-based studies from around the globe have used similar
height thresholding to exclude areas that can not be mangroves and reduce the number of pixels without mangroves that could be
misclassified (Fatoyinbo et al., 2008; Simard et al., 2019; Cissell et al., 2021). Then, the computed NDVI values were used to further
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Table 1
Spectral indices used for mangrove identification; adapted from Oliver et al. (2022).

Index Equation Target Reference

Normalized Difference Vegetation Index (NDVI) (NIR - Red)/(NIR + Red) Vegetation Mohanty et al. (2023)
Normalized Difference Mangrove Index (NDMI) (SWIR 2 - Green)/(SWIR 2 + Green) Mangrove identification Habibullah et al. (2022)
Modified Normalized Difference Water Index (MNDWI) (Green - SWIR 1)/(Green + SWIR 1) Water information Habibullah et al. (2022)
Simple Ratio (SR) NIR/Red Simple vegetation index Gupta et al. (2018)
Band Ratio 54 SWIR1/NIR Water features Oliver et al. (2022)
Band Ratio 35 Red/SWIR 1 Water features Oliver et al. (2022)
Green Chlorophyll Vegetation Index (GCVI) (NIR/Green) - 1 Greenleaf biomass Habibullah et al. (2022)

refine the mask. Areas with an NDVI less than 0.15 were assumed to be devoid of mangroves. To determine the specific thresholds, we
overlaid the GMW 2020 raster layer onto the DSM and NDVI layers for the entire coastal GCC region and extracted random samples
across this area to identify the appropriate threshold values. The main steps and the approach used, including the mangrove mapping
(input data), yearly mangrove classification, and yearly mangrove loss and gain used to construct the secondary mangrove forest age
map are shown in Fig. 2.

2.3. Mangrove classification
2.3.1. Training data preparation

Training data was collected across the entire coastal region of GCC using Google Earth Pro. The focus was on identifying pixels
that were temporally stable. High-quality satellite images are available from 2001 to 2023 in certain areas of the GCC, and these im-
ages were screened manually to find only those areas that remained stable over time. These stable areas were then utilized as training
samples for land cover classifications. The main land cover classes were ‘mangroves’, ‘non-mangrove vegetation’, and ‘agriculture’.
All non-vegetation land covers such as roads, built-up areas, water bodies and barren land were amalgamated as ‘others’. After collec-
tion, the data was split into 2 parts for model validation, that included 70% for training and 30% for validation (Table 2 and Fig. 3).

2.3.2. Model fitting
In this study, the Random Forest (RF) algorithm was used for the classification. Random forest is an ensemble learning method

that creates a collection of decision trees during training. Each tree in the forest is built from a sample drawn with a replacement
(bootstrap sample) from the training set, and split decisions are made at each node based on a random subset of these features. This
approach enhances diversity among the trees, which reduces overfitting and improves generalization to unseen data. The final classi-
fication decision is made based on the majority voting principle, where the class label predicted by the majority of the trees is chosen
as the final output, thereby enhancing the accuracy and robustness of the model (Breiman, 2001; Jamaluddin et al., 2022). The train-
ing process of the random forest was conducted on the GEE platform. The RF classification algorithm has been extensively employed
in mangrove mapping and classification studies (Diniz et al., 2019; Jamaluddin et al., 2022). This widespread usage of RF for its ro-
bustness against overfitting and outliers influenced our decision to select it as the classification algorithm for our study (Mahamunkar
et al., 2022).

The .smileRandomForest classifier in Google Earth Engine was applied to the selected bands and landcover properties. Separate RF
models were fitted to each country for each year. The 6 variables shown in Table 1 were used in the model training. The RF algorithms
were trained using 70% of the samples collected to calculate the overall accuracy, F1-score of mangroves class and the Cohen's kappa
coefficient of the overall classification result. The F1-score was derived from the confusion matrices. The kappa statistic provides a
measure of how well the classification performed compared to random chance, with values above 0.8 (up to 1) indicating good pre-
dictive power (Hickey and Radford, 2022). The F1-score is the harmonic mean of precision and recall and is a useful metric for unbal-
anced datasets, as it accounts for both false positives and false negatives. Values for the F1-score range from 0 to 1 and categories of
0.5–0.7, 0.7 to 0.8, 0.8 to 0.9, and >0.9 can be classified as poor, acceptable, excellent, and outstanding discrimination, respectively.

Since the training data was temporally stable, the same training samples were used to classify the maps of each year. Hyperpara-
meter tuning was initially done using the data for the year 2023 for the four model parameters, namely number of trees, variables per
split, minimum leaf nodes, and bagging fraction, and their values were used for the remaining models. To fine-tune these parameters,
we conducted a grid search over a range of values for each parameter and evaluated the performance based on the kappa coefficient.
For the number of trees, we tested values ranging from 10 to 100, and for variables per split, we tested values from 1 to 5. The para-
meters of 20 decision trees and 3 randomly selected predictors per split were considered to ensure a robust and unbiased classification
with higher kappa coefficient. Varying other parameters such as the bagging fraction from 0.5 to 1.0 showed little differences in per-
formance, suggesting that the default value was sufficient. Similarly, the minimum leaf nodes parameter had no significant effect on
the kappa coefficient, so its default value was retained to reduce model complexity and avoid overfitting. The RF algorithm employed
majority voting to determine the final predicted result from each tree. For the classified maps, a masking technique, using pixel count,
was utilized to filter out the noise and unconnected pixels, thus enhancing the clarity and accuracy of the classified image, which is a
critical step for producing a clean and interpretable map of the results (Mahamunkar et al., 2022). Hence, as a step to reduce noise in
the classified mangrove maps, all mangrove pixels connected to 4 or less similar pixels were considered to be too low and were
masked out. The final result from the RF algorithm is mangrove cover maps of the study area from 1986 to 2023.
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Fig. 2. Flowchart showing the main steps and the approach used(T2 here represents the year of focus and T1 is the year before that).

Table 2
Number of samples used in the training and validation dataset.

Class Training samples Validation samples

Mangrove 9289 2384
Non-mangrove vegetation 1430 613
Agriculture 239 103
Others 2473 1060

2.3.3. Independent accuracy assessment
Classified mangrove maps at equal intervals of five years starting from 2003 to 2023, were subjected to a stratified sampling for in-

dependent accuracy assessment using the AREA2 (Area Estimation & Accuracy Assessment) framework developed using the princi-
ples of Olofsson et al. (2014). The classified mangroves were then matched with high resolution historical images in Google Earth Pro.
The AREA2 framework was then used for calculating the mangrove producer's accuracy, user's accuracy, and mangrove area at ±
95% confidence interval.
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Fig. 3. Distribution of training data (Orange: Mangrove, Green: Non-mangrove vegetation, Red: Agriculture, Yellow: Others). (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of this article.)

2.4. Secondary mangrove forest age mapping
The previously determined extent of mangrove cover and annual mangrove gain for the studied period constitute the main input

datasets to generate the secondary mangrove age maps, which will provide a clear understanding of the mangrove growth dynamic.
Changes in mangrove area were determined as annual differences in area between maps (Silva Junior et al., 2020). This method in-
volves determining changes by subtracting two pairs of mangrove cover extents from two consecutive years (i.e. next year extent
(Yi+1) minus the preceding year (Yi)). The first step consisted of selecting two different maps of mangrove cover for two consecutive
time periods, after which the previously non-mangrove masked pixels were reclassified as 0 value to facilitate the mathematical oper-
ation. Change maps are then produced by calculating the difference between (Yi+1) and (Yi). The resulting change has been catego-
rized into −1, 0 and 1 representing mangrove loss, no change and mangrove gain, respectively. This operation was carried out for
each successive year until complete maps of mangrove dynamics were obtained. A total of 36 mangrove gain maps were produced
and exported for further analysis, serving as input for secondary age maps within R software.

For generating annual maps depicting the secondary mangrove forest extent in the year i, binary mangrove gains were created by
assigning values of 0 and 1 for the non mangrove and mangrove pixels, respectively. These maps were then accumulated up to the
designated year starting from 1986 (equation (1)). Given that this sequential summation may result in values up to 37, the resultant
secondary mangrove extent maps were binarized by assigning “1” to pixels with values greater than 1, and the remaining 0 pixels
were kept unchanged. They were subsequently, multiplied by their respective binary cover extent to eliminate mangrove gain pixels
from the previous year that were deforested in the year i as calculated through equation (2). The final map contains all secondary
mangrove forest pixels from the years i and i-1.

Ei =

Yi∑

Y1

Gi (1)

X
i
= E

ri
Z

i (2)

Where, Gi is the binary mangrove gain map in the year i, Eri is the reclassified total annual secondary mangrove forest extent and Zi
corresponds to the binary mangrove forest cover extent map in the year i, with the units for E, G, X and Z in number of pixels.

The cumulative summation of the binary final secondary forest maps represents the annual secondary forest age maps for the year
in question. This metric (i.e., age maps) corresponds to the number of years since a pixel, initially classified as non-mangrove, transi-
tioned to a pixel representing mangrove cover, indicating mangrove gain. The 2023 age map was then determined through a year-by-
year summation of the age of secondary forests beginning from 1987, where the first mangrove gains were detected in the first transi-
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tion (1986–1987) (See equation (3)). Deforested secondary mangrove forests were removed from each age map by multiplying with
the binary mangrove forest cover map. The values of each pixel in 2023 represent the age of the pixels having a value between 1 and
37.

Asf 1986 = 1 year old map Asf 1987 =

(
Asf 1986 + X1987

)
Z1987 Asf 1988 =

(
Asf 1987 + X1988

)
Z1988 … .. Asf i =

(
Asf i−1 + Xi

)
Zi (3)

Where, Asfi is the age of secondary mangrove forest map in the year i, Xi is the annual secondary mangrove forest extent binary map in
the year i and Zi corresponds to the mangrove forest cover extent binary map in the year i, with the units for X and Z in number of pix-
els. See Fig. 4 for details.

Fig. 4. Diagram showing the steps related to annual gain-loss products and secondary forest age map generation.
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2.5. Logistic regression analysis
Logistic regression was used to determine the drivers of mangrove growth in the GCC region. All mangrove pixels in the age map

occurring after 1986 and having age greater than 20 years were considered old enough to be used as a proxy for successful regenera-
tion (Sillanpää et al., 2017). We then extracted two groups of pixels within our areas of interest using simple random sampling. The
first group represents areas where secondary mangroves age are greater than 20 years that denote successful growth; the second
group represents areas with no mangrove forest (which were in close proximity to areas with mangroves). For both groups 10,000
pixels were taken in order to determine the drivers of mangrove forest regeneration success in the GCC region. Since the outcomes
were binary i.e., presence or absence of regenerating mangroves, we used logistic regression to investigate the existing correlations
between a dichotomous dependent variable (1 = mangrove forest presence and 0 = mangrove forest absence) and the independent
variables. We selected two important groups for the independent variables: environmental and anthropogenic factors (Petrosian et
al., 2016; Pir Bavaghar, 2015) (Table 3). Different spatial datasets were acquired and used as independent variables including the
NASA SRTM DEM, MODIS LST, CHIRPS rainfall data, OpenLandMap Soil data, and the Copernicus LULC datasets (Nguyen, 2019).
The selection of the explanatory variables used in the logistic regression was based on available variables that have been previously
used in similar studies in other regions to study mangroves (Pham and Yoshino 2016; Petrosian et al., 2016).

The NASA SRTM DEM is a digital elevation model that provides an estimate of global elevation to the mean sea level at 30 m spa-
tial resolution. The MODIS (Moderate Resolution Imaging Spectroradiometer) LST (Land Surface Temperature) provides daily tem-
perature data retrieved at 1 km native spatial resolution, which was used to estimate the median, maximum and minimum tempera-
ture for the past 10-year period. The Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) is a global rainfall
data set ranging from 1981 to near-present. The OpenLandMap Soil data provides a global soil map including soil pH and soil mois-
ture at different depths and has a 250 m native spatial resolution. The Copernicus LULC (land use and land cover), the GHS Settle-
ment Characteristics, and the WorldPop population density datasets provided insight into the different anthropogenic factors being
studied.

The stepwise regression method was used to identify the set of most suitable variables and their potential interaction with each
other to increase the efficiency of the model in terms of AIC (Akaike Information Criterion), a metric that aids in model selection. Gen-
erally, lower AIC values are associated with better model performance. After selecting the best model, McFadden's Pseudo R2 was cal-
culated to assess the goodness-of-fit by quantifying model improvement using the ratio of the log-likelihood of the model to log-
likelihood of the null model. The value of McFadden's Pseudo R2 ranges between 0 and 1, with values closer to 1 considered to be a
better model fit. The associated chi-square statistic of the stepwise logistic model, which evaluates the significance of the model by
comparing it with a null model, was also calculated. The calculations for logistic regression were done using the R statistical software
version 4.2.2 (R Core Team, 2022).

The regression model used in this study is specified in the following equation:

Table 3
Independent variables that were considered for selection in the logistic regression model.

Category Variable label Unit Source

Environmental Elevation E1 Meters Jarvis et al. (2008)
Slope E2 Percentage Jarvis et al. (2008)
Minimum temperature E3 Celsius Wan et al. (2021)
Mean temperature E4 Celsius Wan et al. (2021)
Maximum temperature E5 Celsius Wan et al. (2021)
Mean precipitation E6 Millimeters Funk et al. (2015)
Maximum precipitation E7 Millimeters Funk et al. (2015)
Soil pH at depth 0 m E8 – Hengl (2018)
Soil pH at depth 30 cm E9 – Hengl (2018)
Soil moisture at depth 0 m E10 Liters Hengl and Gupta (2019)
Soil moisture at depth 30 cm E11 Liters Hengl and Gupta (2019)
Distance from river E12 Meters Buchhorn et al. (2020)
Elevation x Slope E1 x E2 – Jarvis et al. (2008)
Minimum temperature x Mean precipitation E3 x E6 – Wan et al. (2021); Funk et al. (2015)
Mean temperature x Mean precipitation E4 x E6 – Wan et al. (2021); Funk et al. (2015)

Anthropogenic Population density A1 – WorldPop (2020)
Distance from agricultural areas A2 Meters Van Tricht et al. (2023)
Distance from roads A3 Meters Pesaresi and Politis (2023)
Distance from urban areas A4 Meters Buchhorn et al. (2020)
Population density x Distance from agricultural areas A1 x

A2
– WorldPop (2020); Van Tricht et al. (2023)

Population density x Distance from urban areas A1 x
A4

– WorldPop (2020); Buchhorn et al. (2020)

Distance from agricultural areas x Distance from urban
areas

A2 x
A4

– WorldPop (2020); Van Tricht et al. (2023); Buchhorn et al.
(2020)
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p = E (Y) =
exp

(
𝛽0 + 𝛽1x1 + 𝛽2x2 +…+ 𝛽 ixi + 𝛽 jx1 ∗ x2

)

1 + exp
(
𝛽0 + 𝛽1x1 + 𝛽2x2 +…+ 𝛽 ixi + 𝛽 jx1 ∗ x2

) (4)

Where, p is the probability of mangrove occurrence (0≤ p ≤ 1), E(Y) – expected value of the binary dependent variable Y, β0 – con-
stant to be estimated, βi – predicted coefficient of each independent variable Xi. The last term βjx1 ∗ x2, is a simple representation of
the interaction effects tested. The amount of the contribution of each factor to mangrove occurrence is described by the regression co-
efficient (Pir Bavaghar, 2015). Independent variables Xi with a high contribution to mangrove occurrence and statistically significant
p-values (α < 0.05) in the samples of areas where mangroves age is greater than 20 years were identified. Thus, based on the set of in-
dependent variables, the maximum likelihood estimation was applied to estimate the probability of occurrence of successful man-
grove regeneration in the future (Pham and Yoshino, 2016; Pir Bavaghar, 2015).

3. Results
3.1. Accuracy assessment of the mangrove cover in the GCC

The accuracy assessment for mangrove cover classification using the random forest model across the GCC countries was conducted
for the study period (1986–2023). The F1-score for mangroves and the kappa coefficient of the overall classification were generated
based on the confusion matrix to assess the mangrove classification accuracy from landsat data using 30% validation data of the total
collected samples. Table 4 shows the Kappa coefficients and the F1-score of mangrove extent in the GCC countries (1986–2023). The
results demonstrate a consistently high level of accuracy throughout the studied period (Gilani et al., 2021; Hickey and Radford,
2022).

In Saudi Arabia, the F1-score of mangrove cover classification ranged between 0.9 and 0.95; Kappa coefficient values indicated
agreement, ranging from 0.73 to 0.96 over the study period. In the United Arab Emirates (UAE), the F1-score ranged from 0.92 to
0.97 and Kappa between 0.83 and 0.97. For Qatar, the F1-score was between 0.86 and 0.91, with Kappa ranging from 0.74 to 0.87.
Similarly, Oman and Bahrain also exhibited high F1-scores, generally maintaining values above 0.89. The kappa coefficients in these
countries indicated strong agreement ranging between 0.84 and 0.98. The user (UA) and producer accuracy (PA) values for all coun-
tries and classifications ranged between 0.7 and 1.

An independent accuracy assessment was also undertaken using stratified sampling and Google Earth Pro high-resolution histori-
cal images (2003–2023) to provide validation for the mangrove classification and model performance. The producer's accuracy (PA),
user's accuracy (UA) and the 95% confidence interval for mangrove area is given in Table 5. The values of UA were generally found to
be higher than that of PA, indicating that there were relatively fewer false positives for identified mangroves than false negatives. We
did not conduct an independent accuracy assessment for Kuwait due to a lack of any mangroves in the earlier years, and significantly
fewer mangrove areas were identified compared to the other countries (see Table 6).

3.2. Mangrove area results
The spatiotemporal distribution of mangrove extent in GCC countries during the 1986–2023 period was predicted from the Ran-

dom Forest (RF) classification. The results at five-year intervals are presented in Table 6.
The findings reveal a notable increase in mangrove cover across the GCC regions over the 37-year period (Fig. 5). The total man-

grove area in the GCC has more than doubled from 1986 to 2023. The United Arab Emirates (UAE) demonstrated the highest percent-
age of mangrove cover in the region, alone exceeding 50% mangrove cover during all time periods. Even in terms of absolute area, the
UAE has increased its mangrove cover by almost 150% in the last 37 years. Saudi Arabia has also witnessed a substantial rise, with
mangrove cover growing from 2302 ha in 1986 to 6295 ha in 2022. Notably, between 2018 and 2023, a remarkable growth of
1327 ha has occurred, representing a substantial 27% increase in just five years. Saudi Arabia's contribution to the overall GCC man-
grove extent is significant, constituting 40% of the total GCC mangrove area in 2023.

Qatar has also seen an exponential positive growth in mangrove area, from only 27 ha of mangroves in 1986 to 554 ha in 2023,
which is a 21-fold increase. In Oman, there was a decline in mangrove area, from 605 ha in 1986 to 189 ha in 2023, providing evi-

Table 4
Accuracy assessment of mangrove extent in the GCC countries for selected years from 1986 to 2023.

Country F1-score and Kappa 1986 1993 1998 2003 2008 2013 2018 2023

Saudi Arabia Mangrove F1-score 0.92 0.93 0.96 0.95 0.95 0.91 0.90 0.90
Kappa 0.91 0.96 0.96 0.86 0.91 0.80 0.79 0.73

UAE Mangrove F1-score 0.97 0.95 0.91 0.92 0.92 0.92 0.93 0.96
Kappa 0.97 0.97 0.91 0.92 0.98 0.83 0.92 0.94

Qatar Mangrove F1-score 0.90 0.89 0.90 0.87 0.91 0.90 0.88 0.86
Kappa 0.72 0.84 0.78 0.83 0.87 0.86 0.79 0.81

Oman Mangrove F1-score 0.96 0.91 0.91 0.89 0.96 0.99 0.95 0.97
Kappa 0.87 0.92 0.92 0.93 0.84 0.98 0.93 0.94

Bahrain Mangrove F1-score 0.90 0.96 0.93 0.97 0.97 0.96 0.98 0.98
Kappa 0.90 0.95 0.94 0.97 0.97 0.95 0.98 0.98

Kuwait Mangrove F1-score – – – – – 0.76 0.78 0.78
Kappa – – – – – 0.75 0.78 0.78

Remote Sensing Applications: Society and Environment 36 (2024) 101345 

10 



M. Mohan et al.

Table 5
Independent accuracy assessment of mangrove extent in the GCC countries for selected years from 2003 to 2023.

Country Assessment metrics 2003 2008 2013 2018 2023

Saudi Arabia Mangrove PA 0.75 0.81 0.78 0.83 0.85
Mangrove UA 0.87 0.90 0.89 0.88 0.91
95% CI of area (ha) 1225.6 25.9 2543.2 1592.4 2308.2

UAE Mangrove PA 0.79 0.79 0.82 0.78 0.78
Mangrove UA 0.80 0.80 0.93 0.93 0.90
95% CI of area (ha) 2025.2 2720.3 2405.8 2301.0 2491.4

Qatar Mangrove PA 0.78 0.87 0.72 0.88 0.72
Mangrove UA 0.85 0.93 0.94 0.95 0.93
95% CI of area (ha) 257.9 140.4 144.8 341.0 423.8

Oman Mangrove PA 0.75 0.80 0.73 0.81 0.78
Mangrove UA 0.80 0.88 0.80 0.81 0.85
95% CI of area (ha) 55.1 24.38 61.3 42.9 27.7

Bahrain Mangrove PA 0.73 0.80 0.79 0.78 0.81
Mangrove UA 0.82 0.89 0.81 0.85 0.88
95% CI of area (ha) 10.9 19.6 10.3 16.2 13.4

Table 6
Mangrove cover predicted from the Random Forest classification model at five-year intervals (1986–2023) across the GCC countries.

Location Mangrove extent 1986 1993 1998 2003 2008 2013 2018 2023

Saudi Arabia Area (ha) 2302 2685 3752 4624 3482 4089 4968 6294
% of GCC mangrove 36.3 37.7 38.4 39.5 33.2 39.1 42.2 40.9

UAE Area (ha) 3365 3916 5636 6475 6261 5705 6061 8313
% of GCC mangrove 53.1 54.9 57.7 55.4 59.7 54.6 51.5 54.1

Qatar Area (ha) 26.9 70.0 225 435 569 459 537 554
% of GCC mangrove 0.4 0.9 2.3 3.7 5.4 4.4 4.6 3.6

Oman Area (ha) 605 421 110 118 135 158 154 189
% of GCC mangrove 9.6 5.9 1.1 1.0 1.3 1.5 1.3 1.2

Bahrain Area (ha) 32.6 30.3 35.7 27.7 25.9 23.8 39.8 30.4
% of GCC mangrove 0.5 0.4 0.4 0.2 0.2 0.2 0.3 0.2

Kuwait Area (ha) 0.0 0.0 0.0 0.0 0.0 13.6 5.6 25.4
% of GCC mangrove 0.0 0.0 0.0 0.0 0.0 0.1 0.1 0.2

Total mangrove area GCC (ha) 6331 7123 9760 11681 10474 10450 11765 15407

dence of mangrove deforestation in the country. However, there has been a steady increase in mangrove area in the recent past, with
a 60% increase in the past two decades from 2003 to 2023, although the total area is still low relative to pre-2000s levels. In Bahrain,
there was a modest change in mangrove cover, from 32 ha in 1986 to 30 ha in 2023, with a slight fall of 6% in recent years. Informa-
tion on Kuwait was not included in the figure given that the total mangrove area was minimal.

Fig. 6 shows the temporal dynamics of mangrove cover around Abu Dhabi in the Persian-Arabian Gulf.

3.3. Mangrove cover change and secondary mangrove forest age map for 2022
3.3.1. Mangrove cover change

Saudi Arabia exhibited a net gain in mangrove cover throughout the time period. The greatest net gain occurred from 2017 to
2022, with an average gain of 837 ha per year. In the UAE, the period from 1992 to 1997 saw the most significant net gain, with man-
groves expanding by 319 ha per year. Qatar's average mangrove cover gain for the whole period was 54.8 ha per year. Oman's data
indicate variable trends, with periods of both loss and gain. Bahrain's mangrove cover changes were minimal and more stable com-
pared to other GCC countries. Overall, the GCC experienced a substantial gain in mangrove cover, particularly in the last decade
(2013–2023), where a net average gain of 86.4 ha per year was observed (see Figs. 7 and 8).

3.3.2. Secondary mangrove forest age map for 2022
The approach described in section 2.4 was used to estimate the age of secondary mangrove forest in the GCC region (See Fig. 9).

Overall, 8.5% of secondary mangrove forest in GCC region (excluding Kuwait) are older than 30 years, which represents a mangrove
extent of 420 ha. The youngest mangrove forests in the GCC, with ages less than 5 years, cover an area of 2036 ha (41.3 %) (See Fig. 9
A,B). Saudi Arabia and Oman possess the highest percentages of the youngest mangroves which constitute 70.4% (equivalent to
1616 ha) and 35.2% (72.3 ha), of their respective mangrove area. Meanwhile, the oldest secondary mangrove forests, where age is
greater than 30 years old, are mainly found in Bahrain, constituting 38.5% of its total secondary mangrove area and a high percentage
(19.5%) within this age class is also found in Qatar. Additionally, the 25-30 year-old secondary mangroves are notably concentrated
in Qatar and Bahrain, where they account for 29.5% and 30.3% of their total mangrove area, respectively. The UAE has, however, a
different mangrove age distribution, with the 10–15 years old being the most prevalent comprising 21.4 % of its mangrove area, fol-
lowed by the 5 to 10 class that constitutes 17.5% of the area.
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Fig. 5. Temporal trends in mangrove cover area in GCC countries from 1986 to 2023. Note differences in the y-axis scale between countries.

Fig. 10 shows the distribution of mangrove ages in the GCC. In the UAE, the youngest mangroves, falling within the age class of
0–15 years, are predominantly situated in Abu Dhabi, Dubai, and Ajman. The older mangrove stands, exceeding 15 years in age, are
primarily concentrated in Umm Al Quwain and Ras Al Khaimah. In Saudi Arabia, mangroves exhibit a mixed age composition, with
notable concentrations in Makkah, Ash Sharqiya, and the Jizan region. In Qatar, the younger mangroves thrive in Al Ruwais, while
the older mangroves can be found in Al Khor. It is noteworthy that Al Khor consists of both the oldest and youngest mangroves within
the country. In Oman, the distribution of mangrove age is dispersed, and has both younger and older mangroves. However, in Al
Wusta, most of the mangroves are old, whereas in Muscat and Ash Sharqiyah South, younger aged forests are present. Lastly, in
Bahrain, mangroves of varying ages are primarily concentrated in the central regions. This indicates a diverse age composition within
the mangrove population across the country.

3.4. Logistic regression analysis
The results showed that a large number of factors, both environmental and anthropogenic, contributed to the success of afforesta-

tion and regeneration of the mangroves of the UAE between 2001 and 2022. We used a stepwise regression method to eliminate the
statistically non-significant variables. The stepwise model performed marginally better (AIC = 3101) than the original logistic re-
gression (AIC = 3108) in terms of model simplicity. The stepwise regression analysis provided a means of identifying the most impor-
tant factors and their interaction terms that influence the success of regeneration in the GCC. The regression coefficients within the
model show both the direction and level of the impact of independent variables on the likelihood of mangrove regeneration (see Table
7). Out of the 16 originally evaluated independent variables and 6 interaction terms, 9 variables and 4 interaction terms were found
to be statistically significant at the 95% confidence level through the stepwise regression process (See equation (5)). The McFadden's
Pseudo R2 for the final model was 0.38, indicating the model is a good fit for predicting secondary mangrove regeneration. The associ-
ated p-value of the chi-square test also showed a high level of significance at close to 0 (chi-square value = 1907.26, df = 20).

Among the environmental variables, soil moisture content at depth 0 m was positively related to the success of mangrove regener-
ation. Higher elevation, slope, and air temperature have a negative relationship on mangrove regeneration. Greater distance from
rivers or seasonal streams (i.e. wadis) also showed a negative relationship with mangrove regeneration. Precipitation had a positive
effect on mangrove regeneration. There was also a strong positive correlation between mangrove regeneration and an interaction be-
tween minimum temperature and median precipitation. In case of the anthropogenic variables, population density showed a signifi-
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Fig. 6. Mangrove cover dynamics during the period 1986 to 2023 along the Abu Dhabi coastline, UAE.

cant negative relationship, while distance from roads had a significant positive relationship with mangrove regeneration. Interaction
terms between distance from urban and agricultural areas also showed a weak but statistically significant correlation with mangrove
regeneration success.

4. Discussion
In this study indices from multi-temporal Landsat time series imagery were used as input to the Random Forest machine learning

algorithm to classify the mangrove cover across the GCC countries from 1986 to 2023. A secondary mangrove forest map was gener-
ated in order to identify mature mangrove stands with ages greater than 20 years. The location of these older stands was important to
know as these allowed us to create a model to identify the key environmental and anthropogenic determinants, that were associated
with their presence, and thereby influenced regeneration success (Utami et al., 2017; Sillanpää et al., 2017).

Our results show that only around 8.5% of secondary mangrove forests in the GCC region are older than 30 years, with mangroves
younger than five years being the most abundant group at 41.3% (See Fig. 10). Saudi Arabia and Oman have the highest percentages
of young mangroves, while relatively older secondary mangrove forests were most common in Bahrain, Qatar, and UAE. The present
trends in overall mangrove area show that the UAE and Saudi Arabia have the highest mangrove area among the GCC countries, fol-
lowed by Qatar, Oman, Bahrain, and Kuwait.

The mangrove cover (see Table 6) and mangrove loss and gain show the dynamics of mangrove presence in the GCC region. Saudi
Arabia has shown an increase in mangrove cover from 1986 (2302 ha) to 2023 (6294 ha). This can be attributed to the plantation and
nature-based solution initiatives that have been carried out since the 1990s, mainly by companies such as Saudi Aramco (Aramco,
2023; Li et al., 2019; National Geographic, 2023). To date, Saudi Aramco has planted over 24 million mangroves along the Arabian
Gulf and Red Sea coastlines, out of which over 20 million have been planted since 2020. Moreover, in line with the Saudi Green Initia-
tive and in collaboration with National Center for Vegetation Cover, Saudi Aramco plans to invest in planting 300 million mangroves
in Saudi Arabia by 2035 (Saudi Aramco Sustainability Report, 2022), while Red Sea Global will plant 50 million mangroves by 2030
(Red Saudi Global Sustainability Report, 2022). The UAE is also regarded as one of the leading countries in the region in conserving
and planting mangroves, with our results showing 22.1% growth in mangrove extent over the last two decades (2003–2023) repre-
senting a considerable gain of 1838 ha. These numbers are consistent with the UAE national strategy, that include mangrove initia-
tives such as the UAE target to plant 100 million mangroves by 2030 (Ahmar and Alfiky, 2023) in an effort to improve the country's
carbon sequestration capacity (Friis and Killilea 2024). Qatar has also seen a gain of 27.4% in mangrove extent. In Oman a notable in-
crease of 60% in mangrove area occurred from 2003 (118 ha) to 2023 (189 ha). This increase could be attributed to the national man-
grove planting plan since 2002, which is an initiative in partnership with the government of Japan (UNEP, 2018). However, from our
mapping methodology, it was not possible to ascertain to what extent the success of mangrove regeneration can be credited to af-
forestation programmes alone, since natural regeneration could also contribute to growth in areas adjacent to mature stands. Assess-
ing the success of afforestation programmes to facilitate mangrove restoration in the GCC could be explored through future research.

Our mangrove cover results differ from the most widely used mangrove spatial database, Global Mangrove Watch (GMW)
(Bunting et al., 2022). Most of the authors who had attempted to estimate the mangrove cover across countries in the GCC region us-
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Fig. 7. Mangrove gain maps over the years 1987–2023 across key sites; Abu Dhabi in the UAE (a), Al Khawar and Adh Dhakhira in Qatar (b), Tubli Bay in Bahrain (c),
coastline of Dhahaban in Saudi Arabia (d), and Al Wusta in Oman (e).

ing remote sensing data (13 studies), have not tested the accuracy for the classification technique used in their studies. In our recent
work (Rondon et al., 2023), we noticed that the discrepancies in the mangrove cover results were attributed to the differences in map-
ping methods, classification techniques, the remotely sensed data, and spatial resolution (Guo et al., 2021; Rondon et al., 2023).

Our findings reveal the substantial contribution of specific environmental factors to mangrove growth success. Notably, higher
availability of soil moisture, lower elevation and slope, higher precipitation, higher threshold of minimum temperature, proximity to
freshwater sources like wadis, and anthropogenic factors such as lower population density and greater distance from urban centers,
roads, and agricultural areas were most correlated to mangrove success (See Table 7). Factors like higher slope, elevation, proximity
to rivers and population density have also been recorded as having negative effects on regeneration in mangrove forests of other loca-
tions such as in Vietnam and Iran (Pham and Yoshino 2016; Pir Bavaghar 2015). Positive correlations with factors such as soil mois-
ture and the negative effect of distance to freshwater sources such as wadis align with studies that emphasize the influential role of
freshwater access in enhancing mangrove growth rates (Erftemeijer et al., 2021; Santini et al., 2015). Knowledge of drivers of man-
grove growth, such as the distribution of water and vegetation communities provides a means of characterizing the likelihood of suc-
cessful growth of mangrove forests (Otero et al., 2020).
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Fig. 8. Mangrove loss maps over the years 1987–2023 across key sites; Abu Dhabi in the UAE (a), Al Khawar and Adh Dhakhira in Qatar (b), Tubli Bay in Bahrain (c),
coastline of Dhahaban in Saudi Arabia (d), and Al Wusta in Oman (e).

Fig. 9. Mangrove forest age in the GCC countries.

Our results in the GCC show how drivers such as soil moisture can positively contribute to successful mangrove regeneration.
Restoration projects should focus on areas with higher soil moisture and access to freshwater. Targeting these areas can improve the
likelihood of successful regeneration. Uptake of freshwater by the roots during rainfall supports mangrove growth and increased pre-
cipitation can increase mangrove ecosystem carbon stocks (Sanders et al., 2016; Steppe et al., 2018). Other factors in our study such
as higher surface elevation, higher mean temperature and increased anthropogenic activities in the form of agriculture and urbaniza-
tion have been found to be detrimental to mangrove regeneration. Mangroves in the GCC thrive in lower elevation sites on gentle
slopes. Restoration initiatives should prioritize these areas to maximize the chances of mangrove establishment. Intertidal area has
also been found as a key threshold to mangrove seedling establishment and successful regeneration. Higher surface elevation indi-
cates that there is a shorter period of water exposure, thereby reducing seedling establishment (Oh et al., 2017). The strong relation
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Fig. 10. Mangrove secondary age maps in 2023 across key sites; Abu Dhabi in the UAE (a), Al Khawar and Adh Dhakhira in Qatar (b), Western Akar in Bahrain (c),
coastline of Dhahaban in Saudi Arabia (d), and Al Wusta in Oman (e).

Table 7
Stepwise logistic regression results for mangrove regeneration success in the GCC. In the ‘Coefficient’ column, the (∗) indicates p-values in ANOVA.

Category Variable Label Standard Error Coefficient Odds ratio %

Environmental Elevation E1 0.19 −1.10 (a) −66.81%
Slope E2 0.03 −0.26(a) −23.50%
Minimum temperature E3 0.8 0.9(NS) −9.63%
Mean temperature E4 0.03 −0.245 (a) −21.87%
Mean precipitation E6 0.005 0.005(NS) 5.25%
Maximum precipitation E7 0.007 0.02(b) 2.19%
Soil pH at depth 0 m E8 0.02 0.04(c) 4.42%
Soil moisture at depth 0 m E10 0.006 0.13 (a) 14.91%
Distance from river E12 0.004 −0.01 (a) −2.89%
Minimum temperature x Mean precipitation E3 x E6 0.33 4.08(a) 5845.37

Anthropogenic Population density A1 0.04 −0.14 (c) −13.24%
Distance from agricultural areas A2 0.002 0.002(NS) −0.25%
Distance from roads A3 0.001 0.004(c) 0.42%
Distance from urban areas A4 0.007 0.006(NS) 0.74%
Population density x Distance from agricultural areas A1 x A2 0.001 0.0004(NS) 0.16%
Population density x Distance from urban areas A1 x A4 0.001 0.005(a) 0.55%
Distance from agricultural areas x Distance from urban areas A2 x A4 5.2 x 10−5 0.0001(c) 0.01%
Population density x Distance from agricultural areas x Distance from urban areas A1 x A2 x A4 3.3 x 10−5 −0.0001(b) −0.01%

‘NS’ is not significant).
a < 0.001.
b < 0.01.
c < 0.05.

between the interaction of minimum temperature and precipitation to mangrove regeneration was attributable to the significant in-
crease in mangrove regeneration in areas with a higher threshold of minimum temperature and higher availability of freshwater. This
could be attributed to the affinity of mangroves to temperatures above 20 °C and their mortality by frost incidents at higher latitudes
(Ellison, 2021).
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Increasing distances from urban areas had a significant positive impact on mangroves regeneration. This aligns with the findings
of Arshad et al. (2020), showing that the main anthropogenic processes contributing to coastal wetlands and mangrove forest loss are
associated with land reclamation, and coastal development is considered to be the primary anthropogenic threat to coastal ecosys-
tems in the Arabian Gulf. This could be attributed to the rapid urbanization in the GCC, where coastal development is widespread
around growing urban centers and often heavily impacts coastal ecosystems such as mangrove forests (Burt 2014; Sale et al., 2011).
To mitigate the negative impacts of urbanization, buffer zones can be implemented around urban areas to protect existing mangrove
forests. Policies should be enforced to limit coastal development in critical mangrove habitats. In the Tubli Bay area of Bahrain, man-
grove cover witnessed a decline over the past half-century, directly attributed to reclamation activities (Aljenaid et al., 2022). In the
Dammam Metropolitan Area in the eastern coast of Saudi Arabia, coastal reclamation has increased due to urbanization strategies,
such as commercial, industrial and leisure activities, impacting mangrove forest and other marine ecosystems negatively (AlQahtany
et al., 2022). In the area of Tarut Bay (Saudi Arabia) population pressures mediated by urban encroachment and land reclamation led
to major losses (55%) (Almahasheer, 2018). The UAE also has experienced the consequences of the intense urban development and
land reclamation in coastal zones since the early 2000, negatively affecting mangrove cover in some areas (Friis and Killilea, 2024),
although the dredging of channels into lagoonal areas has also been suggested to reduce salinity and foster enhanced growth (Burt et
al., 2021). The degradation of mangroves trees in the Red Sea region has also been observed for several anthropogenic activities such
as grazing of camels, shrimp farming and construction activities altering water level (Aljahdali et al., 2021). Collaborative efforts can
amplify the impact of restoration projects and ensure sustainable management practices by the various stakeholders.

Some of the main limitations of our studies are related to using the Landsat series as the only spatial data source and using only a
single composite image for the classification each year. Obtaining other high-resolution satellite images for the entire time period was
not possible due to cost, availability and time constraints. Vegetation indices such as the Submerged Mangrove Recognition Index
(SMRI) assists an understanding of mangroves in submerged conditions using the spectral differences of two images from high and
low tides (Xia et al., 2018, 2020). Using SMRI Li et al. (2019) demonstrated good accuracy in identifying submerged mangroves in
Saudi Arabia, but this index could not be used in our study. The lack of data consistency of Landsat 5 in the coastal areas of the GCC
region, especially in the years between 2001 and 2012, and the data loss due to the scan line corrector (SLC)-off imagery in man-
groves as a result of SLC failure in Landsat 7 are well recognized (Hossain et al., 2015). Moreover, the collection of spatiotemporally
stable pixels for training data may pose a bias towards older and established forests, overlooking the younger mangroves. This could
have led to a few 1-year outliers, such as in 1992 in Saudi Arabia, 1994 in the UAE, 1990 and 1995 in Oman and 2001 in Qatar. These
outliers can potentially influence the total mangrove area of GCC for those years. Using our mapping methodology, it was also not
possible to differentiate natural regeneration from artificial regeneration. There were also some limitations related to the anthro-
pogenic variables. Raster layers of factors such as distance from agricultural and urban areas were created by applying a median re-
ducer on LULC maps spanning multiple years. Considering the rapid change and urbanization in the coastal GCC recently, we ac-
knowledge this might be a potential drawback in our methodology. Certain potential drivers for mangrove regeneration such as sea-
water salinity levels and temperature could not be evaluated using logistic regression because this data was unavailable in many areas
in the coastal GCC. Some remote-sensing based predictors for the logistic regression like CHIRPS and MODIS LST had coarse spatial
resolution, which reduces the model sensitivity for localized applications.

Considering that mangrove forests form a minor land cover class in the GCC region, it is important to develop new applications of
remote sensing that can make use of this technology on a smaller scale for studying these ecosystems more effectively (Rondon et al.,
2023). Data fusion of multispectral images with other sensors such as SAR has also shown potential in studying mangroves in other
parts of the globe (Souza-Filho et al., 2009), which can be applied in the GCC. SAR can be useful to study the vertical structure of the
forest based on interferometric configurations. We also recommend better availability of openly accessible remotely sensed environ-
mental data at higher spatial resolution for increasing the accuracy in modeling the drivers of mangrove regeneration. UAVs can be an
effective solution to identify areas where rehabilitation should be conducted (Darmawan et al., 2020). They have the potential to save
upwards of USD 30,000 per ha as compared to on-ground measurements (Navarro et al., 2020). Moreover, they can be used not only
in monitoring, but also for actively promoting rapid afforestation. UAV-supported seed sowing is a safe, cost-effective, fast and envi-
ronmentally friendly method of establishment (Mohan et al., 2021). We recommend using additional factors, including the presence
and effectiveness of protected areas to study drivers influencing mangrove regeneration. Finally, in terms of cost for instance, the C-
band Sentinel-1 data from the European Space Agency (ESA) or the data of the future P-band BIOMASS mission also from ESA or the
L&S-band NiSAR mission from the US-Indian NASA-ISRO are fully accessible which is consistent with the open data policies adopted
by these space agencies.

5. Conclusion
In this study, we identified the drivers for successful mangrove growth in the GCC region by using secondary mangrove forests as a

baseline to age mangrove stands. The study determined the mangrove area throughout the GCC using Random Forest classifiers that
used indices derived from Landsat data. The predictions on the validation dataset had outstanding performance for most country/year
combinations as highlighted by F1-scores that mostly exceeded 0.9. The spatial distribution of older mangroves provides insights into
the prevailing conditions, both environmental and anthropogenic, that have influenced mangrove community survival over time. Our
results show that the main drivers that contribute to mangrove establishment success are lower elevation, lower slope, greater prox-
imity to freshwater sources, and available soil moisture at 30 cm rootable depth (environmental) and lower population density and
greater distance from urban areas (anthropogenic). Our approach offers support for decision-makers in selecting optimal areas for
new planting initiatives. By taking into account the areas with similar environmental and anthropogenic factors, our methodology
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aims to increase the seedling and propagule survival rate. Additionally, determining mangrove age, an important outcome of our
study, holds significance for governments and conservation stakeholders. This information is crucial for making informed decisions,
promoting sustainable management practices, and ensuring the effective conservation of these vital ecosystems. The main limitations
of our study were the use of one spatial data source, lack of data consistency, especially in the earlier years, and using only openly ac-
cessible remote sensing data for studying the potential driving factors of mangrove regeneration success. Future studies are encour-
aged to address the limitations we faced in our work, with the aim of extending the proposed approach for enhancing mangrove con-
servation, ecotourism initiatives, community engagement and carbon market programs both regionally and globally (Karpowicz et
al., 2024; Moussa et al., 2024; Dutta Roy et al., 2024; Blanton et al., 2024).
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