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Abstract

Mangrove ecosystems are crucial coastal habitats that support life and regulate the Earth’s
atmosphere. However, these ecosystems face prominent threats due to anthropogenic
activities and environmental constraints. For instance, the Saudi Arabian coast is par-
ticularly vulnerable to species extinction and biodiversity loss due to the fragility of the
ecosystem; this highlights the need to understand the spatial and temporal dynamics of
mangrove forests in desert environments. Hence, this is the first national study to quantify
mangrove forests and analyze at-risk zone-based land use along Saudi Arabian coasts over
40 years. Thus, the primary contents of this research were (1) to produce a new long-term
dataset covering the entire Saudi coastline, (2) to identify the patterns, analyze the trends,
and quantify the change of mangrove areas, and (3) to determine vulnerability zoning
of mangrove area-based land use and transportation networks. This study used Landsat
satellite imagery via Google Earth Engine for national-scale mangrove mapping of Saudi
Arabia between 1985 and 2024. Visible and infrared bands and seven spectral indices were
employed as input features for the random forest classifier. The two classes used were man-
grove and non-mangrove; the latter class included non-mangrove land-use and land-cover
areas. Then, the study employed the output mangrove mapping to delineate vulnerable
mangrove forest-based land use. The overall results showed a substantial increase in man-
grove areas, ranging from 27.74 to 59.31 km2 in the Red Sea and from 1.05 to 8.65 km2 in
the Arabian Gulf between 1985 and 2024, respectively. However, within this decadal trend,
there were noticeable periods of decline. The spatial coverage of mangroves was larger
on Saudi Arabia’s western coasts, especially the southwestern coasts, than on its eastern
coasts. The overall accuracy, conducted annually, ranged between 91.00% and 98.50%. The
results also show that expanding land uses and transportation networks within at-risk
zones of mangrove forests may have a high potential effect. This study aimed to benefit the
government, conservation agencies, coastal planners, and policymakers concerned with
the preservation of mangrove habitats.

Keywords: mangrove forests; remote sensing; land use and land cover; at-risk zone;
stratified sampling; Saudi Arabian coasts

1. Introduction
Mangrove forests are vital ecosystems in coastal tropical and subtropical territories

between the latitudes of 30◦ N and 30◦ S at the equator [1]. Climate and environmental
systems play a crucial role in mangrove forests, as these factors can enhance the growth and
density of forests under warm, humid, and moderately warm conditions, which thrive be-
tween brackish and saline water [2]. Mangroves are among the most productive ecosystems,
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benefiting the environment and society by improving water quality, stabilizing coastlines,
reducing erosion, and absorbing large amounts of greenhouse gases [3]. Additionally, man-
groves protect coastal areas from extreme weather events by absorbing the effects of storm
surges [4–6]. Given the vital role of mangrove ecosystems, several agencies, policymakers,
and stakeholders have emphasized the importance of preserving the ecosystem and its
resources, as they significantly contribute to human well-being and environmental health.

The United Nations adopted the 2030 Agenda in 2015, outlining 17 global goals re-
lated to sustainable development, abbreviated as SDGs, which outlines a plan for the
well-being of humanity and the planet. Mangrove ecosystems play a crucial role in ad-
vancing SDGs, particularly those focused on eradicating poverty and hunger by providing
vital resources as mangrove ecosystems enhance food security and support sustainable
agriculture. Additionally, these ecosystems contribute to clean water availability and
sanitation, which are vital for human well-being. Mangrove ecosystems promote decent
work and economic growth while strengthening sustainable consumption and production
practices. Additionally, they help to combat desertification, mitigate climate change, and
foster a peaceful, inclusive society. These contributions enhance urban sustainability and
resilience, supporting the achievement of the SDGs [7]. These goals are interconnected and
contribute toward maintaining a balanced ecosystem and promoting human well-being.
The Global Sustainable Development Report 2023 also emphasizes the preservation of
natural resources and environmental systems to effectively address several SDGs derived
from the United Nations [8]. The country’s progressive direction and futuristic vision
for sustainable development programs include reducing carbon emissions, increasing af-
forestation and land reclamation, and protecting terrestrial and marine areas throughout
the country. Accordingly, studying the status of mangrove forests along the western (The
Red Sea) and eastern (Arabian Gulf) coasts in Saudi Arabia is essential for achieving several
SDGs globally and locally [9]. Without comprehensive automated data, efforts to protect
the environment and human well-being will be hindered.

Numerous studies were conducted globally and locally to monitor mangrove habitats.
The 2022 ‘State of the World’s Mangrove Report’ revealed that the global spatial coverage
of mangroves reached 147,000 km2 in 2020, reflecting a loss of 11,700 km2 since 1996 [5].
Additionally, over 80 species of mangroves are found globally, among which two types
are inhabited mainly by Avicennia marina and a few groups of Rhizophora mucronate
across the Red Sea and Arabian Gulf coasts [10]. Regionally, a study conducted across Gulf
Cooperation Council (GCC) countries covering decadal periods showed that mangrove
areas of Saudi Arabia increased by 2.73 times between 1986 and 2023, accounting for 40.9%
of the entire mangrove coverage in the GCC [11]. Localized studies highlighted the degra-
dation of mangrove habitats in regions, such as Jazan, Asir, Alleith, Rabigh Lagoon, and the
northern Red Sea, due to urbanization, industrialization, and contamination [1,2,10,12–15].
For instance, Raid, A. S. Y. (2011) [15] conducted Landsat and Spot 5 with ground truth
in the Alleith region to detect changes in a mangrove group. This research demonstrated
deterioration of the mangrove forest due to climate change and the expansion of shrimp
farms. Another study conducted by Almahasheer, H. (2018) [14] aimed to examine the
spatial coverage of mangroves along the coastlines of the Arabian Gulf using NDVI and
Landsat images in 2017; the results varied between increased, stable with a slight increase,
and rare existence in the Gulf countries. Aljahdali, M. O. et al. (2021) (Aljahdali et al., 2021)
focused on Rabigh Lagoon, located on the western coasts of Saudi Arabia and computed
four indices, EVI, MSAVI, NDVI, and NDMI using Landsat between 1986 and 2019 [12].
The results show that the mangrove areas in the study period varied between three phases:
degradation, slow recovery, and natural regrowth.
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In addition, mangrove ecosystems are crucial coastal habitats that support life and
regulate the Earth’s atmosphere. However, these ecosystems face major threats due to
anthropogenic activities and environmental constraints [16]. The loss and degradation
of mangroves pose a major risk to coastal ecosystems and human well-being. While the
impact of these changes varies globally, arid regions, such as the Saudi Arabian coasts,
are particularly vulnerable, with the potential for species extension and biodiversity loss
due to ecosystem fragility [10]. Thus, anthropogenic activities have a leading role in
impacting mangrove ecosystems, especially the mangrove areas adjacent to land use and
transportation networks, which have a significant influence on the deterioration of forests
and their noticeable shrinkage, specifically when mangrove characteristics are considered
such as the limited chronological age of mangroves and the small, fragmented mangrove
extent. To protect mangrove forests and maintain plant health, it is vital to establish at-risk
buffer zones surrounding vulnerable mangrove ecosystems to enact regulations for their
protection and preservation [17].

Despite the numerous abovementioned studies on mangrove distribution along the
coasts of Saudi Arabia, prominent gaps exist in the current, nationwide data on the state
of mangrove forests in Saudi Arabia. Hence, this is the first national study to quantify
mangrove forests area and analyze at-risk zone-based land use and transportation networks
to determine the vulnerable zoning along the Saudi Arabian coast over 40 years. This study
aimed to address gaps in the literature on mangrove forest distribution, deterioration, and
restoration, specifically focusing on the coasts of Saudi Arabia (1985–2024) using Landsat
satellite time-series data and Earth-monitoring remote-sensing techniques. The dynamics
monitored land-cover change dynamics by providing valuable information and a founda-
tion for targeted and timely conservation strategies. In addition, the output of mangrove
mapping for 40 years was employed to define the vulnerability areas and classify them into
three risk levels, adjacent to land use and transportation networks, considering the shorter
chronological age of mangroves as well as the small intermittent areas. To the extent of
our knowledge, this is the first national study that offers an encompassing overview of
mangrove forests over the past 40 years. The findings aim to improve our understanding
of areas experiencing degradation, restoration, or growth and will contribute to the envi-
ronmental regulations and preservation required to support sustainable development and
ecosystem functions.

This study intended to accomplish the following specific objectives: (1) to generate a
new long-term dataset with a fine 30 m spatial resolution covering the entire Saudi coastline
over the last 40 years (1985–2024); (2) to identify the patterns, analyze the trends, and
quantify changes in mangrove areas; (3) to determine the vulnerability of mangrove areas
and at-risk zone-based land use and transportation networks; and (4) to inform government
agencies, coastal planners, and policymakers about the findings of this study in order to
intensify conservation efforts, diminish degradation, protect endangered mangrove species,
and preserve existing natural habitats.

2. Study Area and Methods
2.1. Study Area

The primary focus of this study is on the coastal territories of the Eastern and West-
ern Kingdom of Saudi Arabia (Figure 1). The eastern coast overlooks the Arabian Gulf,
which extends 560 km and comprises salt marshes and sandy areas, whereas the western
coast overlooks the Red Sea. It extends approximately 1760 km and consists of sand and
sedimentary rock fragments [18]. The eastern coast is situated between latitudes 23◦41′ to
28◦50′ North and longitudes 48◦22′ to 51◦29′ East. The western coast lies between latitudes
15◦24′–29◦52′ North and longitudes 33◦54′–43◦12′ East.
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Figure 1. Spatial extent of the research areas: (A) western Saudi Arabia’s coastal region, along with
the Red Sea; and (B) eastern Saudi Arabia’s coastal region, along with the Arabian Gulf.

The coastline length in Saudi Arabia has prominently contributed to the diversity of
the terrain and natural environment. Several valleys, such as Fatimah and Alhemd Wadi,
are located on the western coast of the country and have external drainage into the Red
Sea coast [19]. The Arabian Gulf coastal area is characterized by several marshes such as
the Alryas and Aldabiah [19]. Additionally, both coasts are characterized by an abundance
of bays, creeks, capes, coral reefs, and islands. Consequently, coastal areas in the east
and west have diverse land uses and land covers, including developed, barren, grass, and
agricultural lands, water, and forests. Mangrove forests are commonly located in coastal
areas and are unevenly distributed along both coasts.

The climate of the study area is arid except for the semi-arid southwestern region
of the country. During the summer, the coastal areas of the country experience temper-
atures ranging between 30–44 ◦C, whereas in winter, the temperature ranges between
15–28 ◦C [20]. Annual precipitation in most parts of the country is less than 150 mm, except
for the southwestern region, which receives an average rainfall of 400–600 mm [21].

2.2. Data and Pre-Processing
2.2.1. Data Collection

During the mangrove mapping process, three pillars of Landsat satellite imagery were
used, consisting of Landsat five (TM), seven (ETM+), and eight (OLI) for national-scale
mangrove mapping over 40 years in Saudi Arabia (1985–2024). These Landsat images
provided a long-term record, consistency interval, and fine 30 m spatial resolution data [22],
which allowed for the detection and monitoring of mangrove localities by combining key
spectral bands, particularly those that are effective for identifying vegetation areas. The
spectra of the visible bands included Green (G) and Red (R); the infrared bands included
Near InfraRed (NIR), and Shortwave InfraRed 1 and 2 (SWIR1 and SWIR2). In this study,
we utilized the maskClouds function to identify and remove cloud- and cloud-shadow-
contaminated pixels from the Landsat satellite imagery. This process was applied annually
to enhance the usability of Landsat imagery, empowering an accurate process and holistic
analysis of mangrove land cover mapping. In addition, Saudi Arabia has minimal cloud
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cover, with the skies remaining mostly clear or with lower cloud coverage, which helps in
terms of the availability of Landsat images.

The elevation model (DEM) derived from the NASA shuttle radar topography mission
(SRTM) dataset, with a spatial resolution of 30 m2, meaning 1 arcsecond, was utilized to
outline the elevation of the mangrove ecosystems [23]. Furthermore, the global mangrove
watch (GMW) shapefile dataset (version 3.0) and the 2018 mangrove distribution in Saudi
Arabia (SAMD) for the 2018 shapefile dataset covering the entire coastline areas of Saudi
Arabia, were obtained from the National Center for Vegetation Development, a branch of
the Ministry of Environment Water and Agriculture (MEWA) abbreviated as NCVC, to
develop vegetation cover and combat desertification. Both datasets effectively illustrate
the spread and coverage of mangrove forests in the study area [24,25]. Administration
boundary shapefile data for Saudi Arabia were obtained from the national general au-
thority responsible for surveying and geospatial data management across the country
(GEOSA) [19]. These were used to identify the boundaries of the land, inland, and marine
areas of Saudi Arabia. This boundary helped to accurately pinpoint the study areas. In
addition, land use and transportation network data were obtained from OpenStreetMap,
which provides free geographic data [26]. The land use shapefile included different land
use types, such as residential, commercial, industrial, and many others, while the trans-
portation network included primary, secondary, and tertiary roads. Both data helped with
the further spatial analysis of identifying at-risk buffer zones of vulnerable mangrove-based
land use.

2.2.2. Pre-Processing of Mangrove Mapping

Mangrove mapping required preprocessing steps that is essential to ready the Landsat
images for classification process. Here, each surface reflectance dataset from Landsat
5, 7, and 8, Collection 2, Level 2, Tier 1 was processed, which included cloud masking,
computing different spectral indices, image compositing, temporal filtering, and applying
masks according to elevation and index thresholds. This research used the Google Earth
Engine (GEE), which is a robust platform based on cloud computing developed for large-
scale processing and analysis of spatial and temporal data [27]. Masking clouds and cloud
shadows were the first pre-processing step in order to mitigate the effect of cloud coverage
and shadows on dense Landsat images, which is essential for distinguishing the vegetation
regions from other land cover types in the imagery. For Landsat 7 data (ETM+), the scan
line corrector (SLC) issue was resolved by utilizing a gap-filled imagery algorithm.

Further, the Landsat images were used for processing the spectral indices that dis-
tinguish mangrove forests from other types of vegetation. Hence, seven multispectral
indices typically were computed and used for mangrove detection (Table 1). The following
indices were used: (1) the most widely used index in evaluating the health of vegetation
by analyzing chlorophyll levels is the normalized difference vegetation index (NDVI), the
output values extend between +1 and −1, which represent higher values indicating healthy
vegetation and lower values indicating degraded vegetation [28]; (2) The normalized differ-
ence mangrove index (NDMI) index was formulated to spotlight the spectral variations
differentiating mangrove habitats from those of the other vegetation types by utilizing the
two reflectance bands, i.e., Green and SWIR2 [29]; (3) The modified normalized difference
water index (MNDWI) index was is computed using the reflectance bands of Green and
SWIR1, enhancing the reflectance of water bodies while reducing land interference, thereby
effectively differentiating between water and land [30]; (4) Band ratio 54 was computed
using SWIR 1 divided by the NIR band; (5) Band ratio 35 was computed by dividing
the Red band by SWIR 1; (6) The simple ratio, was used to identify the greenness of the
study areas, which is based on the divided near infrared (NIR) by the Red band [31,32];
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and (7) The green chlorophyll vegetation index (GCVI), a green vegetation monitoring
index responding to the chlorophyll level of concentration in greener vegetation, was also
used [33].

Table 1. Spectral indices (SI) utilized for identifying mangrove forests, where B indicates each band
of the surface reflectance.

SI Description Equation Reference

Vegetation index (NDVI) (BNIR − BRED)/(BNIR + BRED) [28]
Mangrove Index (NDMI) (BSWIR2 − BGREEN)/(BSWIR2 + BGRREN) [29]
Water Index (MNDWI) (BGREEN − BSWIR1)/(BGREEN + BSWIR1) [30]
Band ratio 54 (BR54) (BSWIR1)/(BNIR) [32]
Band ratio 35 (BR35) (BRED)/(BSWIR1) [32]
Simple ratio (SR) (BNIR)/(BRED) [31]
Chlorophyll Index (GCVI) (BNIR)/(BGREEN)− 1 [33]

A Landsat image composite was generated utilizing the “median reducer” function,
followed by a multi-step masking process. The masking process for defining the best thresh-
old for the elevation, NDVI, and MNDWI data prioritized defining potential mangrove
forest locations. After examining the study areas, the best thresholds for the NDVI index
and MNDWI were found to be greater than 0.1 and −0.50, respectively. The former was
used to distinguish mangrove areas, while the latter was used to differentiate between
land and water bodies. In addition, SRTM elevation data were used to mask areas below
20 m because regions above this elevation are not typically associated with mangrove
forests. The thresholds were selected by examining the study area and using each GMW
and SAMD, along with SRTM elevation, NDVI, and MNDWI data, to assess mangrove
distribution and perform annual mangrove classification accurately.

2.3. Mangrove Data Processing
2.3.1. Training Data

The training data for this study were collected from Saudi Arabian coastal areas along
the western coasts of the Red Sea and eastern coasts of the Arabian Gulf to train a machine
learning random forest algorithm. The primary objective was to ensure that each class
contained stable and consistent pixels to yield accurate classification results. The training
samples were collected in a single year, 2024, because this allows for a more accurate
assessment of spatial coverage without the interfering impacts of temporal variability.
Additionally, we used the years between 2002 and 2024 to track and examine consistent
existing mangrove coverage and ensure the other land cover types of non-mangrove class.
These samples were sourced from Landsat satellite imagery, high-spatial-resolution histori-
cal aerial imagery from advanced features, and extensive satellite images through Google
Earth Pro. In addition to these sources, SAMD and GMW were used to track the spatial
coverage of mangroves in the study zone; 867 and 570 samples were collected from the
mangrove and non-mangrove classes, respectively. The sample collection process was sys-
tematically tested and evaluated; additional samples were incorporated as necessary. The
key land-use and land-cover classes in this study were “mangrove” and “non-mangrove”,
with the latter class including all other classes such as developed areas, roads, agricultural
lands, rangelands, shrublands, water, and barren lands (Figure 2).



Sustainability 2025, 17, 5957 7 of 23

Figure 2. (A) Overview of collecting training samples for mangrove and non-mangrove classes along
Saudi Arabian coasts; and (B–D) mangrove and non-mangrove training samples from three varied
locations in Saudi Arabia.

2.3.2. Random Forest Algorithm for Mangrove Classification

This study utilized the machine learning random forest algorithm for mangrove and
non-mangrove classification. This classifier is an assemblage learning procedure that
constructs several classification trees through training. Each tree was generated using a
bootstrap sample, a segment randomly extracted from the training data. At each node,
decisions are made using a stochastic selection of features. These producers increase the
variety among trees, which mitigates overfitting and enhances the model’s capability to
generalize new data. The final classification result is determined by voting, in which the
class label predicted by most trees is selected, thereby improving both the accuracy and
durability of the model [34]. The random forest classifier has been widely implemented
in various remote sensing fields, including agriculture, croplands, forest cover, urban
studies, and land use and land cover, to enhance classification results. It produces a higher
accuracy assessment compared to other machine learning algorithms such as artificial
neural networks (ANN), naive Bayes, and support vector machines (SVM) [22,35–41]. The
random forest has been applied in various environments and climate zones globally and
has consistently demonstrated higher accuracy. Thus, this study focuses on mapping
mangrove forests over arid and semi-arid environments using random forest over other
machine learning algorithms.

The random forest classifier was used to run the model with 100 trees and five ran-
domly selected predictors per spilt, which were selected by default using the Gini impurity
criterion. The random forest function of the smileRandomForest was applied to the GEE
platform to select the spectral bands and properties of the land cover. The random forest
model was suited to the study area for each year between 1985–2024. The spectral bands
and seven variables were used to train the model. The random forest algorithm was trained
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with 80% of the collected samples; 20% was used to test the model and generate the overall
accuracy of the model, ensuring a higher overall accuracy. As the training samples were
consistently stable, the same training samples were used every year for over 40 years
between 1985 and 2024. For the post-classification process, and after the generation of
the classified map, a masking process using the connectedPixelCount function was used
to reduce the noise of isolated pixels and generate more pixels of connected neighbors,
thereby improving the clarity and accuracy of the output of classification images, which is
a vital step in generating clear and interpretable results [30,42]. Consequently, the random
forest algorithm generated mangrove cover maps along the Saudi Arabian coast from
1985–2024.

2.3.3. Estimating the Accuracy for Mangrove Forest

A probability sampling design and stratified random sampling were implemented,
allowing for the accuracy of annual mangrove classification maps to be assessed [43].
The strata and methods used here followed those described previously [22]. The strata
were outlined according to the inherent categories of the classification map and ar-
ranged into three primary groups: “probable change”, “stable mangrove”, and “stable
non-mangrove”.

We classified each stratum using a frequency map derived from the superimposition of
all annual classification maps for the Saudi Arabian coastal areas along the western coasts
(the Red Sea) and eastern coasts (Arabian Gulf) between 1985–2024. The “stable mangrove”
stratum can be labeled if a pixel on all 40 maps is categorized as mangrove. The “stable non-
mangrove” stratum can be labeled if a pixel on all 40 maps is categorized as non-mangrove.
The third stratum of “probable change” can be labeled if a pixel on all 40 maps is categorized
as probable change. A random selection of 50 pixels was made for the stable mangrove
stratum, 50 for the stable non-mangrove stratum, and 100 for the probable change stratum.
As a result, 200 pixel locations and 8,000 pixel-year data samples were available for analysis
over 40 years, spanning from 1985 to 2024 (Figure 3). Historical aerial images from Google
Earth Pro and Landsat were assessed and interpreted to acquire reference information.
Various Landsat color combinations, including, although not limited to, false—(red, green,
and blue) and true—(SWIR-1, NIR, and Red) color composites were used, which facilitated
spectral separation and improved visual interpretation, allowing us to distinguish between
the mangrove class and other land-use and land-cover classes. Sample pixels were overlaid
onto Google Earth Pro images categorized with high spatial resolution to facilitate the
interpretation of each location. While assessing annual classifications, we labeled the
reference sample pixels as belonging to either the mangrove or non-mangrove classes for
each year. We computed standard accuracy assessment methods based on the error matrix
Jenness and Wynne [44] reported. The three main accuracy assessments, consisting of the
overall accuracy, user and producer accuracies were computed, as well as the two errors
estimations, including commission and omission errors. Additionally, summary statistical
methods, including the Kappa coefficient and F1 score, were used to measure the quality
of the classification maps; the values ranged from 0 to 1, indicating the worst to the best,
respectively. All computations were based on the error matrix and were performed 40 times
for each year between 1985 and 2024 during the assessment of the annual classification
maps. To validate the change map, the reference samples were categorized into one of
three types according to each category of the pixels over 40 years: stable mangrove, stable
non-mangrove, and mangrove change (which signified either mangrove gain or mangrove
loss from 1985 to 2024).
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Figure 3. (A) Overview of a stratified random sampling design map for the Saudi Arabian coast
along the western and eastern coasts; and (B–D) three examples of sampling designs for three differ-
ent locations.

2.4. At-Risk Zone-Based Land Use (ARZ-LU) Model

Saudi Arabia is located in an arid and semi-arid environment, which impacts the
density and distribution of the mangrove forests along the coasts of Saudi Arabia. In this
study, mangrove forests in Saudi Arabia were characterized by their small, isolated, and
scattered distribution as well as the limited lifespan of mangrove trees within the study
period (40 years). Thus, the innovation of this study was to develop an At-Risk Zone-Based
Land Use (ARZ-LU) model that aims to identify and understand the vulnerable mangroves
(VM) and delineate at-risk zones based on land use and transportation networks. The VM
can be determined by specifying the two main factors: the chronological age of mangrove
forests (CAMF) (years), and the mangrove area. The CAMF refers to the age of the mangrove
in each pixel, for 40 years, based on the mangrove status in this study. Specifically, any
pixels with less than or equal to 20 years were considered vulnerable where the encounter
declined. The term “age” refers to the time period of mangrove growth during the study
period. The mangrove area along the coasts of Saudi Arabia was mostly under 1 km2,
0.5 km2, and under (≤0.5 km2) were determined as small, intermittent, and isolated patches
and was used in this model. The threshold for vulnerable mangroves was chosen based on
ecological studies in the literature indicating that the ecological function can be decreased
in small patches of habitat, making the habitat more sensitive to degradation and species
decline. Pellegrini et al. (2009) demonstrated that the ecosystem of mangrove forests,
which are limited to sub-kilometric areas, is more vulnerable when exposed to human
activities and environmental constraints [45]. Another study conducted by Bodin et al.
(2006) in southern Madagascar, draws attention to the fact that removing small patches of
forest contributes significantly to the decline of essential ecosystem services [46]. These
observations support the use of a threshold of ≤0.5 km2 to specify vulnerable areas in
our model.
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Then, the CAMF and mangrove area layers were combined to form a single layer;
these characteristics were a proxy of sensitive and vulnerable mangrove areas. In this
model, the land use and transportation networks (LU-TN) model was used to define the
area adjacent to or intersect with CAMF and the mangrove areas. While examining and
observing the vulnerable mangroves, the study delineated three at-risk dissolved circular
buffer zones: 100 m, 200 m, and 500 m. These distances were selected based on the needs
of the vulnerable mangrove. The first vulnerable buffer zone is the 100 m vulnerable buffer
zone, which aligns with the recommendations for urgent protection zones, and can capture
the primary protective functions of mangrove forests against the influence of natural or
human factors [47]. The second vulnerable buffer zone is the 200 m zone, which serves
as an intermediate zone where the influence of mangroves begins to diminish. However,
it still plays a significant role in biodiversity and the ecosystem. The third vulnerable
buffer zone is the 500 m, which represents a broader area encompassing potential indirect
impacts that can affect the mangrove health over time such as land use and land cover
change, water quality degradation, pollution, and habitat fragmentation. Each at-risk
buffer zone represents the degree of at-risk zones adjacent to/intersecting with land use
and transportation, ranging from 100 m (high at-risk) to 200 m (moderate at-risk) and
500 m (less at risk but still at risk). Additionally, the land use and transportation networks
intersected with each of the three buffer zones to identify the three risk level classifications:
high, moderate, and low risk. Figure 4 summarizes the study methodology to illustrate the
sequential stages from data collection to the ARZ-LU model.

 

Figure 4. Flowchart illustrating the study methodology.

3. Results
3.1. Accuracy Assessment for the Annual Classification Maps

The evaluation of user and producer accuracy and overall classification accuracy
revealed consistently high performance levels throughout the study. The accuracy of
the user for the mangrove class ranged between 91.43–97.33%, whereas the accuracy of
the producer varied between 89.62–96.05%. For the non-mangrove class, the accuracy of
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the user ranged between 88.78–97.60%; the accuracy of the producer spanned between
92.55–98.43%. The overall classification accuracy during the study period ranged between
91.00–97.50% (Table 2). An additional statistical summary for the Kappa coefficient and
F1-score was computed annually over 40 years (1985–2024), with results generated from
the error matrix of the classification. The accuracy metrics generally remained above 0.80
throughout the years, indicating a substantial and almost perfect agreement. The Kappa
coefficient ranged between 0.80–0.97, indicating a moderate to strong agreement. The
F1-score altered between 0.89 and 0.97 during the study (Table 2). These results are in
agreement with, and converged on, another study conducted by Mohan et al. (2024) [11],
which reported the accuracy assessment for user’s and producer’s accuracy from 2003 to
2023, as well as the F1-score and Kappa coefficient, from 1986 to 2023, with values mostly
above 80%.

Table 2. Accuracy assessment of the user, producer, and overall accuracy; Kappa; and F1-score for
mangrove and non-mangrove classes across Saudi Arabian coasts (1985–2024).

Year
Mangrove Non-Mangrove

Overall
Accuracy

Kappa F1-ScoreAccuracy of
the User (%)

Accuracy of the
Producer (%)

Accuracy of
the User (%)

Accuracy of the
Producer (%)

1985 92.53 93.93 96.99 96.26 95.50 0.89 0.93
1989 97.06 90.41 94.70 98.43 95.50 0.90 0.94
1994 91.43 90.14 94.62 95.35 93.50 0.84 0.91
1999 95.95 93.42 96.03 97.58 96.00 0.91 0.95
2004 97.33 96.05 97.60 98.39 97.50 0.95 0.97
2009 97.22 93.33 96.09 98.40 96.50 0.92 0.95
2014 96.81 92.86 93.40 97.06 95.00 0.89 0.95
2019 94.74 93.75 94.29 95.19 94.50 0.88 0.94
2024 93.14 89.62 88.78 92.55 91.00 0.80 0.91

Additionally, the errors in the multitemporal mangrove change map derived from the
samples were quantified and evaluated. Generally, the accuracy of the change-detection
map was significantly high. The accuracies of the user and producer varied between 83.92%
and 94.00%, respectively. The accuracy of the user of the mangrove class was 87.00%, the
lowest compared with that of the others, whereas the non-mangrove class was the highest,
i.e., 94.00%. The accuracy of the producer was between 83.92% and 93.54% for the non-
mangrove and changed classes, respectively, representing a higher accuracy assessment.
Even with the variation in accuracies of the user and producer, the overall accuracy for the
three classes reached (90.00%) (Table 3).

Table 3. Confusion matrix for mangrove change map temporal-spanning 40 years (1985–2024).

Reference Data

Mangrove Non-Mangrove Change

Classified map
Mangrove 45 1 4

Non-mangrove 1 47 2
Change 5 8 87

User of Accuracy 90.00% 94.00% 87.00%
Producer of Accuracy 88.23% 83.92% 93.54%

Overall Accuracy 90.00%
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3.2. Characteristics of Mangrove Classification Results

The spatial and temporal distributions of mangrove classification maps along the Red
Sea and Arabian Gulf coasts were generated using a random forest classifier during the
study period (1985–2024). The trend of mangrove forests exhibits a non-linear pattern
over time, characterized by three main phases: gradual growth, intermittent decline, and
accelerated growth, as shown in Figure 5. Although the trend exhibited a non-linear growth
pattern, a generally positive trend was dominant along the western coasts (the Red Sea)
and eastern coasts (Arabian Gulf), as well as in the total mangrove areas. In addition, some
areas showed fluctuations between decreasing and increasing over the 40 years, as shown
in Figure 6. This figure presents classification maps providing three examples: two in
the Red Sea and one distributed along the Arabian Gulf. In the Figure, each example
represents land cover change, including four main classes: stable mangrove, stable non-
mangrove, mangrove loss, and mangrove gain between 1985 and 2024 in the western
example, while the eastern example represents changes between 2003 and 2024. The
two examples distributed along the Red Sea were in the middle and southern Red Sea; all
areas of the mangrove forests showed steady and substantial increases from 1985–2024,
as shown in (Figure 6B,C). Compared with those in the Arabian Gulf, which initially
had no mangrove areas before 2003, the mangrove areas started growing in 2003 and
were concentrated in the middle of the eastern coasts of Saudi Arabia (Arabian Gulf) and
continued to grow until 2024 (Figure 6D).

Figure 5. Long-term trend in mangroves over 40 years (1985–2024).

Table 4 represents the mangrove land cover transition matrix and is divided into
four main categories: stable mangrove, mangrove loss, mangrove gain, and stable non-
mangrove. Location B has the lowest percentage of mangrove gain, at about 2.945%,
compared with Location C, which has 9.638%. Location D has the most significant increase
among the other locations, at about 11.334%. The increase over 40 years in these three lo-
cations (B, C, D) specifically, and to Saudi Arabian coasts in general, is due to the natural
and human-driven causes that helped to increase the mangrove forest such as sediment
deposition, sea level stabilized, natural propagation, and mangrove reforestation, afforesta-
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tion projects, and conservation policies. Generally, mangrove loss varied slightly and was
lower in three locations. In Location B, mangrove loss was lower, at 0.091%, compared with
other locations (C, 1.492%, and D, 0.408%). Losing mangroves in locations B and C, which
are to the side of the Red Sea, could be a natural cause of mangrove loss, while the loss of
mangroves in location D, on the urban side, is clearly due to human-driven causes such as
urban development.

Figure 6. (A) three extent indicators in Saudi Arabia; and (B–D) three examples of temporal classi-
fication results of 1985, 2003, and 2024, including mangrove, classification map (CM), and surface
reflectance (SR). Sample D does not comprise mangrove areas prior to 2003.

Table 4. Three examples of mangrove and non-mangrove transitions in three years intervals based on
Figure 6.

Stable Mangrove Mangrove Loss Mangrove Gain Stable Non-Mangrove

Lo
ca

ti
on

(B
)

Area in sq km (%) 0.669 (10.042%) 0.006 (0.091%) 0.196 (2.945%) 5.793 (86.922%)

Total 6.664

Change rate 0.202 km2 (3.036%)

Lo
ca

ti
on

(C
)

Area in sq km (%) 0.33 (7.218%) 0.068 (1.492%) 0.44 (9.638%) 3.73 (81.651%)

Total 4.568

Change rate 0.508 km2 (11.131%)

Lo
ca

ti
on

(D
)

Area in sq km (%) 0.02 (1.702%) 0.005 (0.408%) 0.134 (11.334%) 1.025 (86.556)

Total 1.184

Change rate 0.139 km2 (11.742)
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The annual mangrove areas were quantified across the Saudi Arabian coast along
the coasts of the western coasts (the Red Sea) and the eastern coasts (Arabian Gulf) from
1985 to 2024. The analysis was conducted for the Red Sea, Arabian Gulf, and the total
area over the study period. Overall, mangrove coverage consistently increased in the
Red Sea region; it has a significantly larger mangrove area than that of the Arabian Gulf
over the past 40 years, despite occasional declines in some years [2,10,13]. These declines
align with a study conducted by Waleed et al. (2024) [48], which confirmed that several
factors contribute to the decline in mangrove forests in the Middle East, including the
accumulation of solid waste, unregulated animal grazing, habitat devastation, overtourism,
and oil spills. Another interpretation of the decline in the south of Saudi Arabia is that the
stress arises from natural factors such as water signation, salinity intrusion, and sediment
deprivation [49]. In 1985, the mangrove forest in the Red Sea covered 27.74 km2 or 96.35%
of the mangrove total area, while the Arabian Gulf covered 1.05 km2 or 3.64%. By 2004,
a slight increase in mangrove coverage was observed in both regions, with the Red Sea
and the Arabian Gulf expanding by 32.43 km2 (89.36%) and.86 km2 (11.89%), respectively.
By 2024, the mangrove area exhibited a substantial increase compared with that in 1985
and 2004. The Red Sea mangrove coverage increased to 59.31 km2 (87.27%), whereas the
Arabian Gulf reached 8.56 km2 (12.72%) of the total area. When comparing mangrove
coverage between 1985 and 2024, the Red Sea exhibited a twofold increase from 27.74 km2

to 59.31 km2 with larger coverage, whereas the Arabian Gulf increased by eight times,
from 1.05 to 8.56 km2 in 1985 and 2024, with smaller coverage. The mangrove areas along
the Saudi Arabian coasts of both the Red Sea and Arabian Gulf reached 67.95 km2 and
28.79 km2 in 2024 and 1985, respectively (Table 5 and Figure 6).

Table 5. Mangrove cover along the Saudi Arabian coasts was projected using the random forest
algorithm at 5-year intervals (1985–2024).

Year Mangrove (The Red Sea) (km2) Mangrove (Arabian Gulf) (km2) Mangrove Total (km2)

1985 27.74 1.05 28.79
1989 26.40 0.81 27.21
1994 29.38 1.23 30.61
1999 27.19 2.07 29.26
2004 32.43 3.86 36.29
2009 29.34 2.25 31.58
2014 51.20 4.63 55.83
2019 54.91 7.62 62.53
2024 59.31 8.65 67.95

3.3. Multitemporal Mangrove Cover Change

The time-series change map represented four locations: three distributed in the Red Sea
and one along the Arabian Gulf (Figure 7). As mangroves are primarily concentrated along
the Red Sea, with fewer mangroves in the Arabian Gulf, three examples were provided from
the Red Sea coasts and one example was provided from the Arabian Gulf. For mangrove
loss, we provided two examples located on the Red Sea coasts, representing 1985, 2004,
2015, and 2024. The years were chosen to represent different time periods, illustrating
the changes that occurred during these specified periods (Figure 7B,C). The changes that
occur in locations B and C are due to animal grazing, local resource use, and aquaculture.
Examples D and E show a significant increase during the study period; the overall trend
shows mangrove coverage at these two locations with a small percentage of mangrove
loss. These two examples represent central Red Sea coast locations. A decline in mangrove
forests occurred in the dominant mangrove forests along the coast of Saudi Arabia. These
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increases are attributed to the plantation project’s afforestation and mangrove reforestation
efforts, as well as the implementation of natural resource management policies.

 

Figure 7. Time-series of mangrove change map between 1985 and 2024: (A) four extent indicators of
B, C, D, and E; (B,C) mangrove loss along western coasts over a selected period; and (D,E) mangrove
gain along the Red Sea and Arabian Gulf over a selected period. Land cover change shows in the
four examples (B–E).

Figure 8 shows the mangrove and non-mangrove transition in square kilometers along
the coasts of Saudi Arabia. The three examples of B, C, and D are located on the western
coasts of the Red Sea, while example E is located on the eastern coasts of the Arabian
Gulf. Figure 8 shows location D, which has the highest increase among other locations
(21.615%) and location E, which has (5.552%). This increase represents the combined effect
of natural and human factors that facilitated the expansion of mangrove habitats over the
study period. On the other hand, mangrove loss is generally still the lowest compared to
mangrove gain. However, location C has the highest percentage of mangrove loss (1.101%)
due to shrimp farming under the National Company for Shrimp Farming (NCSF) in the
Alleith region, which plays a significant role in the degradation of the mangrove habitat [15],
then location B would be the second highest percentage of mangrove loss (0.883%). In
addition, the change rate between the four locations varied. Location D has the highest
change rate (22.033); the lowest change rate is in location B (1.721%); thus, due to the most
significant amount of mangrove in location D and the limited amount of mangrove area in
the location B, these played a central role in the change rate.

Table 6 shows the mangrove and non-mangrove transition over three periods: 1985,
2000, and 2024, over the western coast (the Red Sea) and the eastern coasts (Arabian Gulf).
The stable mangrove in the Red Sea is larger by 14.57 km2 than the stable mangrove in
the Arabian Gulf, which is equal to 0.09 km2, which reflects the amount of mangrove
forests on both coasts. The mangrove gain in the Red Sea was higher compared to the
Arabian Gulf. However, there was a different transition of mangrove gain in the Red
Sea, which had higher values, especially the transition from non-mangrove in 1985 and
non-mangrove in 2000 to mangrove in 2024, with 27.66 km2, compared to the Arabian Gulf,
which has 6.88 km2. Thus, the most dominant and larger area of mangroves is in the Red
Sea compared with the Arabian Gulf.
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Figure 8. Four examples of mangrove and non-mangrove transition over three different intervals
based on Figure 7.

Table 6. Mangrove and non-mangrove transition in the Red Sea and Arabian Gulf over 40 years.

Mangrove and Non-Mangrove Transition in the Red Sea (1985, 2000, 2024)

1985→ 2000→ 2024 Status Area in (km2)

Mangrove Mangrove Mangrove Stable Mangrove 14.57
Mangrove Mangrove Non-Mangrove Mangrove Loss 1.76
Mangrove Non-Mangrove Mangrove Mangrove Gain 5.52
Mangrove Non-Mangrove Non-Mangrove Mangrove Loss 3.53

Non-Mangrove Mangrove Mangrove Mangrove Gain 7.26
Non-Mangrove Mangrove Non-Mangrove Mangrove Loss 2.08
Non-Mangrove Non-Mangrove Mangrove Mangrove Gain 27.66
Non-Mangrove Non-Mangrove Non-Mangrove Stable Non-Mangrove 80,550.05

Total 80,612.44

Change rate 0.00059% Change in area 47.82

Mangrove and Non-Mangrove Transition in Arabian Gulf (1985, 2000, 2024)

Mangrove Mangrove Mangrove Stable Mangrove 0.09
Mangrove Mangrove Non-Mangrove Mangrove Loss 0.31
Mangrove Non-Mangrove Non-Mangrove Mangrove Loss 0.51

Non-Mangrove Mangrove Mangrove Mangrove Gain 0.76
Non-Mangrove Mangrove Non-Mangrove Mangrove Loss 0.99
Non-Mangrove Non-Mangrove Mangrove Mangrove Gain 6.88
Non-Mangrove Non-Mangrove Non-Mangrove Stable Non-Mangrove 11,608.97

Total 11,618.51

Change rate 0.00081% Change in area 9.45

Note: The bold numbers in area in (km2) represent the mangrove gain in the Red Sea and Arabian Gulf.
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3.4. Identifying At-Risk Zones Based Land Use (ARZ-LU)

In the ARZ-LU model, the vulnerable mangroves, including the chronological age of
mangrove areas, varies in distribution along the coast of Saudi Arabia. The ages between
21 and 40 were concentrated in the center of each mangrove’s patches. Other mangrove
age areas between 1 and 20 years were expanded, surrounding the longer age areas;
this represents the logical expansion of new mangrove areas, as shown in Figure 9A.
The vulnerable mangrove areas also included mangrove areas that were less than or
equal to 0.5 km2 spread along the coasts. Figure 9B shows the specified mangrove areas
characterized as limited, isolated, or scattered along the coasts. The At-Risk Zones Based
Land Use (ARZ-LU) shows three different zones ranging from 100 m (high at-risk) to 200 m
(moderate at-risk) and 500 m (less at-risk but still at risk). The examples in Figure 9C
show some expansion of industrial, residential, and transportation networks to the three
zones. These expansions vary along the coasts whether adjacent or expanding into the
three different at-risk zones of the vulnerable mangrove areas.

Figure 9. At-risk zones based on land use and transportation networks. (A) chronological age of
mangrove areas over 40 years; (B) The vulnerable mangrove areas less than or equal to 0.5 km2; and
(C) the At-Risk Zones Based Land Use (ARZ-LU) model.

4. Discussion
This study is the first national-scale quantification and mapping of coastal mangrove

coverage in both the western (the Red Sea) and eastern coasts (Arabian Gulf) of Saudi Arabia
over 40 years, between 1985 and 2024. These 40 years provide a comprehensive overview of
mangrove distribution and trends in Saudi Arabia and each location. Mangrove forests in
Saudi Arabia are sparsely and sporadically distributed along the Red Sea’s western coasts
and the Arabian Gulf’s eastern coasts. However, most mangrove trees are concentrated
on the coast of the Red Sea, especially in the southern regions of Saudi Arabia, and have
gradually diminished northward. The discoveries from this research show that the existence
of mangroves over the study period varied, as repeated downfalls in mangrove areas were
observed between years, as shown in Figure 5. Nevertheless, recovery and regrowth
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after degradation are also shown, with a significant increase in the total mangrove area,
especially in the recent decades, with a prominent leap for mangrove habitats from 28.79 to
67.95 km2 between 1985 and 2024 (Table 5).

The downfalls and degradation shown in our results agreed with those of the dete-
rioration observed in several studies investigating the status, distribution, and trend of
mangroves for a specified time and location in Saudi Arabian coastal areas. For example,
Aljahdali et al. (2021) showed that Rabigh Lagoon, located in the Red Sea, has encountered
environmental pressure since the 1990s from land-use activities and camel grazing [12].
Another claim by Kumar et al. (2010) showed that some small areas of mangroves in the
northern Red Sea were depleted between 2000 and 2001 due to land-use activities, including
urban development and industrialization [2]. Additionally, El-Jhany (2009) conducted a
ground survey, and, using Spot-4 for the year 2004 for the southern Red Sea, confirmed that
human-induced actions and environmental stress were the leading cause of degradation
and seriously impacted spatial mangrove coverage for 2004 [10]. Another degradation
event occurred in Taut Bay, eastern Saudi Arabia between 1972 and 2011 because of pollu-
tion caused by industrial operations, waste disposal, urban restoration/expansion, and the
Gulf War [13]. The degradation and decline occurred in 1990, 2000, 2001, and 2004, as well
as between 1972 and 2011, confirming the results of this study, as shown in Figure 5.

The regrowth and recovery of mangrove habitat observed in this study showed
a significant increase in mangrove habitat trends in the last decades, similar to those
reported by Mohan et al. (2024) [11]. As shown in Figure 5 and Table 5; this resulted
from numerous conservation management and practice policies led by the government
of Saudi Arabia and many agencies, including, although not limited to, Aramco and
the National Center for Vegetation Development (NCVC). Mangrove initiatives led by
Aramco began in 1993, planting mangrove seedlings in different locations across the
coastline of the Eastern Province and continued the planting of millions of mangroves until
2021 [50,51]. Additionally, since 2020, the NCVC, which was newly established in 2019,
has been energetically planting 37 million mangrove tree saplings along Saudi Arabian
coastal areas to aid other stakeholders and partners in achieving these goals, including
Aramco, Ma’aden, Red Sea Global, and the local community; by 2030, the planting will
reach 100 million mangrove trees [52,53]. Another report was published in 2023 about
the Red Sea Global (RSG) initiative, which was launched in the same year. The RSG
initiative is mainly focused on planting 50 million mangrove trees by 2030 [54]. Similar
studies conducted in the United Arab Emirates (UAE) to monitor mangrove forests have
confirmed that the expansion of the mangrove ecosystem is due to conservation practices
and restoration efforts [55]. The planting millions of mangrove trees will be valuable to
the country’s coasts if the proximity to land use and transportation networks is considered.
Figure 9 presents an example of the expansion of industrial, residential, and transportation
networks located within at-risk buffer zones surrounding vulnerable mangrove areas.
Expanding land use without any regulation to protect sensitive ecosystems will make the
area more susceptible to deterioration. Furthermore, the primary goals of the country are
directions and initiatives related to sustainable development programs. The implemented
conservation management and good practice policies will continue to conserve habitats
generally, and mangroves specifically, to make the country more sustainable.

Figure 10 summarizes the results of this study, which quantifies mangrove land cover
and identifies vulnerable zones based on the status of mangrove forests characterized by
small patches of less than 0.5 km2, and less than or equal to 20 years, as determined by
this study period. Figure 10 illustrates three levels of risk, representing the intersection of
each zone with the land use and transportation networks. The high-risk area is located
within 100 m of a highly vulnerable zone, which is the most exposed and least resilient
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area, marked in red. This high-risk level requires urgent attention and involves all parties
in the countries related to the issue, including but not limited to government authorities,
policymakers, coastal planners, urban developers, the private sector, conservation agencies,
and local communities, to develop conservation frameworks for mangrove forests along
these coasts. The high-risk level is located on the southern coast of the Red Sea, and a
limited area in the center of the eastern coast that overlooks the Arabian Gulf. Next, the
moderate-risk level, colored in yellow, has some exposure but is not critical. This level
has a limited distribution along both coasts. The final level of risk represents a low risk,
characterized by areas that are least affected or most resilient, located within a 500 m
vulnerable zone. All three risk-level classifications require special attention to preserve the
environment, sustain mangrove forests, and promote the role of sustainable development.

Figure 10. Three risk-level classifications for mangrove forest areas.

Several suggestions can play a prominent role in impactful policy enhancements for
mangrove forests that are adjacent to land use and land cover, focusing on integrating
conservation practices with sustainable development. For example, integrated coastal zone
management aims to coordinate urban development with coastal ecosystem protection,
ensuring that mangroves are not isolated or degraded by nearby development and will
help to effectively conserve the ecosystems of mangrove forests. Additionally, stringent
zoning and legal protection are another enhancement policy that will play a leading role in
clearly defining zoning limits for destructive land uses, such as aquaculture, infrastructure,
and agriculture, which are located near mangrove zones. As the results of this study
indicate some degradation and deterioration, it is essential to refine an environmental
impact assessment reform that will contribute effectively through environmental impact
policies, ensuring informed land use decisions.

Overall, changes in the environmental conservation policies and laws in Saudi Arabia,
especially those related to mangrove forests, contributed significantly to mangrove growth.
The expansion of mangrove forest areas between 1985 and 2024 is evident in most regions
of the country. However, the importance of policies and practices related to mangrove
habitats will be more valuable if the transformation in land use and land cover in areas
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adjacent to mangrove habitats are considered, as these significantly impact conservation
efforts and the potential degradation of these vital ecosystems.

5. Conclusions
This study presents the first national-scale methods and results regarding mangrove

status, distribution, and trends along the western coast of the Red Sea and the eastern coasts
of the Arabian Gulf in Saudi Arabia, spanning the period from 1985 to 2024. The study
utilized dense Landsat satellite imagery (ETM 5, ETM+ 7, and OLI 8) processed through the
GEE. Seven spectral indices and the included bands facilitated the classification of annual
images using the random forest algorithm. By assessing the accuracy of annual classification
maps and multitemporal mangrove change maps, I revealed important trends in mangrove
forest dynamics over the past 40 years. The results indicate a significant subtidal expansion
of mangrove areas from 28.79 to 67.95 km2 in 1985 and 2024, respectively. Although the
findings highlight the positive impacts of conservation policies, management practices,
and plantation projects on expanding mangrove coverage and rehabilitating degraded
areas, more preservation practices are needed for vulnerable mangrove forests, utilizing the
innovation of this study’s ARZ-LU model, which classifies the risk level into three different
levels: high, moderate, and low-risk. The ARZ-LU model is important for regulating
the usage of adjacent land use and transportation network areas to protect vulnerable
mangrove areas and ensure continued plant health.

Although this study provides a long-term (40-year) comprehensive understanding of
mangrove coverage along both western and eastern Saudi Arabian coasts, the findings are
limited due to the Landsat medium spatial resolution. While these images can assist in
identifying mangrove forests over large-scale areas, their lower resolution may hinder the
detection of those in smaller or more fragmented areas, particularly in semi-arid and arid
environments like the coasts of Saudi Arabia. The use of commercially available higher spa-
tial resolution imagery could be an alternative for accurately identifying mangrove forests
in such small-scale areas. To better understand the impact on mangrove forest areas, future
research should focus on the role of land use and land cover, particularly in degraded areas
adjacent to mangroves; this could also incorporate negative and positive driving forces.
The hostile driving forces could include pollution, waste discharge, climate change (such
as sea-level rise, temperature fluctuations, and precipitation changes), and anthropogenic
drivers (including urbanization, agriculture, and aquaculture). The positive driving forces
could include environmental awareness policies, conservation practices, coastal protection
needs, climate change mitigation, and many other factors. Additionally, examining local
and global land management practices aimed at conserving these ecosystems is crucial.
The long-term annual mangrove land-cover maps provide essential information for scien-
tists, government agencies, the private sector, stakeholders, and policymakers to enhance
conservation efforts, land management strategies, and best practices for mangrove expan-
sion and rehabilitating degraded areas, including: delineating vulnerable mangrove areas
and potentially vulnerable areas; identifying the degradation areas for rehabilitation and
plantation efforts; supporting coastal zone management and climate resilience planning;
and guiding the decisions of sustainable development, such as ecotourism or mariculture
site selection, to avoid ecologically sensitive areas.
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