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Abstract
The Iraqi coast, particularly the Ras al Bisha region at the mouth of the Shatt al-Arab, is among the most sensitive
regions to coastal changes due to the complex interplay between natural factors and human activities. This study
analyzed spatial and temporal changes in the Ras al Bisha coastline over a 48-year period (1976, 1990, 2000, 2013,
and 2024) using Landsat and the Digital Shoreline Analysis System (DSAS). Statistical indicators (NSM, SCE, LRR,
and EPR) were calculated, spatial changes analyzed, and a decision matrix developed to assess the intensity of
erosion-accretion, with projections for 2035 and 2045. Quantitative results revealed that coastal erosion dominated 75%
of the sections, particularly in the central and western areas, with maximum erosion rates of −16.7 m/year (average:
−5.56 m/year). Net accretion reached 1.84 km2 in the eastern region, while erosion reached 1.44 km2 in the western
and central regions (1976–2024). Results revealed a clear temporal alternation between erosion-dominated periods
(1976–1990 and 2000–2013) and accretion dominated periods (1990–2000 and 2013–2024). LULC classification
achieved 92.5% accuracy (Kappa= 0.91). Coastal Vulnerability Index (CVI) analysis identified zones F, B, and D as
high risk areas (CVI= 12.91–14.43) requiring urgent coastal management interventions. Future projections to 2045
indicated a baseline shoreline advance of +32.55 m, with continued eastward expansion of Ras al Bisha. The study’s
novelty lies in integrating advanced DSAS analysis with comprehensive spatial analysis frameworks, decision matrix,
and future projections, providing a dynamic and holistic assessment of coastal dynamics at Ras al Bisha. Unbalanced
spatial distribution of erosion and accretion reflects complex interactions between natural factors (Shamal winds, ocean
currents) and human activities (new Faw port, dredging). This study recommends adopting of an integrated coastal
management system for Iraq, incorporating continuous remote sensing monitoring, advanced predictive modeling, and
targeted engineering and environmental interventions to mitigate erosion risks and safeguard coastal infrastructure.
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1. Introduction
The Arabian Gulf (also known as the Persian Gulf) is one of

the world’s most strategically important regions, hosting

vast oil and gas reserves and extensive coastal and mar-

itime infrastructure projects (Mussa et al., 2024). Span-

ning 990 km in length, with a maximumwidth of 370 km

and mean depth of 36 m, this semi-enclosed body of water

©2026 The Author(s). This is the Open Access article distributed

under the terms of the Creative Commons Attribution Licence.

represents a critical ecosystem and economic zone (Lafta,

2021). Assessment of erosion hazards, identification of

potentially dangerous coastal locations, and provision of

evidence based references for disaster prevention plans all

depend fundamentally on shoreline change analysis (Oz-

turk and Sesli, 2015; Santos et al., 2021). Understanding

these processes is crucial for coastal management. Coastal

degradation – manifested through ecosystem loss, land

subsidence, and elevated threats to infrastructure and hu-
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https://doi.org/10.5697/DOXI2142
mailto:bassim_hashim@src.edu.iq


Deciphering coastal shoreline dynamics in the Mesopotamian Delta: Integrating 48-year Landsat ... 2/20

man populations – results from complex interactions be-

tween natural and anthropogenic processes (Fernández-

Hernández et al., 2023). Shoreline dynamics, driven by

erosion and accretion, are influenced by multiple factors

including fluvial discharge, wave action, tidal processes,

and human interventions such as breakwaters, marinas,

and dredging operations. Understanding these dynamics

requires integrated quantitative and spatial analysis ap-

proaches (El-Masry, 2022).

Iraq’s marine waters, encompassing the Shatt al-Arab

River and associated lagoons, represent themost estuarine

region of the northern Arabian Gulf and serve as the pri-

mary freshwater source to this basin (Lafta, 2021, 2023).

Erosion and accretion in Ras al Bisha results from both nat-

ural and anthropogenic drivers. Natural factors include the

dramatic decline of the Shatt al-Arab from approximately

1191m3/s in the late 1970s to roughly 50m3/s by2018, re-

ducing sediment supply by 4–9 million tons/year (Khalifa,

2019; Al-Asadi and Muttashar, 2022). Additional natural

stressors include sea-level rise at 3–5 mm/year, and land

subsidence at 1–2 cm/year (Muttashar et al., 2024). An-

thropogenic factors include the new Faw port diverting

currents and upstream dams on the Euphrates and Tigris

rivers.

Remote sensing and Geographic Information Systems

(GIS) have become indispensable tools for coastal manage-

ment and planning (Yasir et al., 2024). Satellite platforms

such as Landsat have enabled continuous monitoring of

coastline position changes over multiple decades, facil-

itating both risk assessment and adaptive management

strategies (Vos et al., 2019; El Kafrawy and Ahmed, 2020;

Palomar-Vázquez et al., 2023). The Digital Shoreline Anal-

ysis System (DSAS) a GIS based tool employing multidi-

mensional statistical approaches provides high-accuracy

quantification of spatial variations in shoreline dynamics

over time, with applicability across diverse coastal environ-

ments globally. Unlike automated extraction algorithms

(which offer low accuracy in complex coastal areas) or

machine learning methods (which require large training

datasets and lack statistical transparency), DSAS provides

integrated statistical indicators with comprehensive error

and uncertainty handling (Saad et al., 2021; Darwish and

Smith, 2023). This methodological advantage makes DSAS

particularly suitable for the complex coastal environment

of Ras al Bisha.

Recent DSAS-based studies have documented signifi-

cant shoreline changes across the ArabianGulf and globally.

Al-Fartusi et al. (2023) analyzed the entire Iraqi coastline

over five decades (1973–2021) using Landsat imagery and

DSAS, confirmingwidespread erosionwithmaximumrates

in Ras al Bisha near newFawport, attributed to altered sed-

imentation patterns and declining Shatt al-Arab discharge.

Muttashar et al. (2024) used multitemporal bathymetric

maps and geotechnical sediment characteristics to eval-

uate the Iraqi coastline in Khor Abdullah from 1966 to

2019, finding that erosion is the dominant threat with an

average shoreline erosion of−3.48 m/year in Ras al Bisha

and the northern Faw district. However, these studies lack

three crucial elements: (1) future forecasts required by

integrated coastal management; (2) comprehensive classi-

fication of erosion severity grades applicable to decision-

making; and (3) systematic linkage between natural fac-

tors and human-made structures. Similarly, studies of the

North Sinai coast, Egypt (1989–2016) reported maximum

coastal erosion of−8.17 m/year in El Tinah Bay (Nassar

et al. 2019). While analysis of the Vishakhapatnam dis-

trict coast, India, revealed heterogeneous shoreline dynam-

ics with high erosion occupying 5.8 km, moderate accre-

tion along 30.5 km, and high accretion over 17.8 km (Baig

et al., 2020). Recent assessments of the Oman coastline

(2000–2022) demonstrated that human activities exert

greater influence on coastal change than natural factors,

with artificial structures dominating natural shoreline pat-

terns (Colak, 2024). While these studies provide valuable

insights, they reveal important gaps that the current re-

search addresses.

At the global scale, emerging research emphasizes the

integration of satellite-based vulnerability indicators for

coastal erosion management. Queiroz et al. (2022) charac-

terized global satellite-based indicators for coastal vulner-

ability assessment, highlighting remote sensing’s critical

importance in coastal decision-makingMishra et al. (2023)

conducted quantitative assessment of shoreline changes

along the Odisha coast, integrating geospatial tools and

statistical techniques. Paul et al. (2024b) elucidated over-

wash vulnerability and shoreline dynamics in Sagar Island

(2000–2020). These studies collectively underscore the

necessity for comprehensive, multi-decadal assessments

integrating quantitative shoreline analysis with spatial de-

cision frameworks and future projections.

Recent studies have appliedDSAS-based shoreline anal-

ysis in lake environments using Google Earth Engine (GEE).

For instance, Gümüs et al. (2022) used DSAS and Land-

sat images to investigate temporal and geometric shore-

line change rates in Lake Beyşehir. The highest average

coastal erosion rate was determined to be −12.03 m/yr

with shoreline withdrawal of 409.06 m in a 35 year pe-

riod. In the same context, evaluates the performance of

water extraction indices using GEE implemented for three

Ramsar wetlands in Turkey (1984–2023) (Gümüş, 2025).

The principal novelty of the current study lies in inte-

grating quantitative DSAS analysis with spatial analysis,

decision matrix frameworks, and future projections to pro-

vide a comprehensive and dynamic assessment of coastal

changes in Ras al Bisha. This integrated approach combin-

ing 48 years of Landsat time series (1976–2024), advanced

uncertainty quantification, anthropogenic impact assess-

ment, and scenario-dependent projections, represents a

methodological advancement beyond previous regional

studies. The decision matrix framework enables priori-
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tized identification of high-risk coastal zones requiring

targeted management interventions. Future projections

account for both climate-driven sea level rise and planned

coastal infrastructure development, providing a robust

foundation for integrated coastal zone management and

evidence-based policy formulation in this strategically im-

portant region.

The objectives of the current study are: (1) to study

the changes in the Iraq shoreline for Ras al Bisha region in

1976, 1990, 2000, 2013 and 2024 using Landsat images

and DSAS tool; (2) to calculate the rate of changes of ac-

cretion and erosion based on the statistical parameters of

DSAS; (3) to calculate the changes in the area for Ras al

Bisha during these time periods; (4) to estimate the future

projection for Ras al Bisha in 2035 and 2045; and (5) to

implement the analysis of decision matrix using the EPR

data, based on the degree of erosion and accretion.

2. Material and methods
2.1 Study area
The Iraqi shoreline extends from the Shatt al-Arab River

mouth (Ras al Bisha) to the Khor Azubair channel, form-

ing a low-elevated plain, roughly 58 km long (Al-Fartusi

et al., 2023). Located in the northwest of the Arabian Gulf,

the study area lies between 48°17′–48°50′E and 29°78′–

30°19′N (Muttashar et al., 2024). Al Faw, the only Iraqi

outlet to the Arabian Gulf and one of seven districts of

Basra province, encompasses this coastal region. The Iraqi

shoreline is situated in a sedimentary environment char-

acterized by intertidal flats affected by semidiurnal tides

(Alhumaidan et al., 2023). At the Arabian Gulf’s north-

west tip, the Ras al Bisha region appears as an estuary

environment (Al-Taei et al., 2014). The region experiences

a hot, arid climate with pronounced seasonal variability

(Khalifa, 2019; Alhumaidan et al., 2023). Mean annual

temperature ranges from 26–28°C, with summer maxi-

mums exceeding 45°C (June and August) and winter maxi-

mums of 8–12°C (December and February). Annual rain-

fall averages 50–80 mm, concentrated in winter months

(November and March), with high inter-annual variabil-

ity and frequent drought periods (Muttashar et al., 2024).

Two main wind patterns dominate the northern Arabian

Gulf: northwest winds (Al Shamal) and southeast winds.

The southeast winds are generally warm and humid, occa-

sionally bringing precipitation (Zakaria et al., 2013). Wave

height ranges from0.78m (significantwave height) to 1.95

m (maximumwave height) (Lafta, 2023). Ras al Bisha area

represents a complex estuarine environment where tidal

dynamics interact with river flow and coastal currents, af-

fecting sediments distribution and water movement (Alhu-

maidan et al., 2023). Sediment budget is the primary factor

controlling the balance between erosion and accretion in

this region. The Shatt al-Arab is the main sediment source;

however, its discharge has declined dramatically due to

upstream dam construction in Turkey and Iran (Al-Asadi

and Muttashar, 2022). Additionally, construction of the

new Faw port and other coastal barriers has significantly

altered natural sediment transport patterns, introducing

new drivers of coastal dynamics at Ras al Bisha. Figure 1

shows the area of the current study.

2.2 Data source
Landsat images were used to extract the Iraqi shoreline at

Ras al Bisha for five target years: 1976, 1990, 2000, 2013

and 2024. Image selection followed strict criteria: (1)

cloud cover≤0–9% to ensure coastline visibility (Vitousek

et al., 2023); (2) November acquisition (lowest cloud cover

compared to other months, particularly winter); (3) simi-

lar tide phases (10:45–10:52 UTC) to minimize water level

fluctuations; and (4) 48-years temporal coverage to cap-

ture long-term trends. Five Landsat images (Landsat 2

MSS, Landsat 5 TM, Landsat 8 OLI, Landsat 9 OLI2) were

obtained from the United States Geological Survey (USGS)

website (https://earthexplorer.usgs.gov/). These im-

ages obtained on November 5, 1976, November 11, 1990,

November 06, 2000, November 26, 2013, and November

16, 2024, as shown in Figure 2 and Table 1. The effect

of tides on the accuracy of coastline extraction was con-

trolled by selecting Landsat images all captured within a

narrow timewindow (10:45 and 10:52UTC), ensuring that

all images represent the same phase of the semi-diurnal

tidal cycle. Therefore, the effect of varying water levels

on the accuracy of the extracted coastlines is minimal and

acceptable, and does not materially affect the reliability of

the calculated rates of change (Pardo-Pascual et al., 2018;

Himmelstoss et al., 2021). All images were geometrically

corrected and aligned to the Universal Transverse Merca-

tor (WGS 84) zone 38N. Landsat paths 165–178were used

to ensure consistent coverage of the study area.

2.3 Landsat analysis
Analysis was conducted in two stages: (1) data collection

and pre-processing, including band combination, geomet-

ric and radiometric corrections; and (2) spectral index ap-

plication for automatic detection. Normalized Difference

Water Index (NDWI) and Modified Normalized Difference

Water Index (MNDWI) were calculated using Equations (1)

and (2) in Table 2. NDWI was calculated with a threshold

value of 0.3 to classify water pixels, while MNDWI used

a threshold value of 0.4 to account for suspended sedi-

ments and water turbidity characteristic of an estuarine

environment (Xu, 2018; Hashim et al., 2025). Threshold

values were determined through histogram analysis and

validation against high-resolution Google Earth imagery.

Accuracy assessment using 100 reference points revealed

that MNDWI achieved 94.1% overall accuracy (𝜅 = 0.881),

with 93.7%producer’s accuracy and94.5%user’s accuracy,

outperforming NDWI (89.8% overall accuracy, 𝜅 = 0.796).

Extracted shorelines were converted to vector format and

smoothed using a 500 m smoothing distance to remove

https://earthexplorer.usgs.gov/
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Figure 1. Geographic location and study area: Ras al Bisha, Faw District, Basra, Southern Iraq.

noise while preserving geomorphological significant fea-

tures. Appendix (Table S1) shows the accuracy assess-

ment of NDWI and MNDWI in the current study. Darwish

and Smith (2023) reported 92.5% for the Sinai coast, and

Gümüş (2025) achieved 96.5% for three Ramsar wetlands

in Türkiye. These results validate the reliability of the ex-

tracted shorelines for subsequent change analysis.

2.4 Digital shoreline analysis aystem (DSAS)
DSAS is a freely available extension for Esri ArcGIS de-

signed to analyze shoreline changes provide insights into

coastal environmental dynamics (Himmelstoss et al., 2021).

The system operates by creating transects that measure

spacing between a baseline and historical coastline posi-

tions (Darwish and Smith, 2023). DSAS provides multi-

ple statistical measures to quantify shoreline change: Net

Shoreline Movement (NSM), Shoreline Change Envelope

(SCE), End Point Rate (EPR), and Linear Regression Rate

(LRR) (Himmelstoss et al., 2021). NSM calculates the dis-

tance between the oldest andmost recent shorelines using

only two historical shoreline positions, providing a simple

measure of total displacement (Zhang et al., 2024). SCE

method measure the distance between the farthest and
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Table 1. Landsat satellite data used in the current study.

Acquisition date Satellite / Sensor Path / Raw Resolution (m) Cloud cover (%)

November 5, 1976 Landsat 2 MSS 178/039 60 0%

November 11, 1990 Landsat 5 TM 165/039 30 9%

November 06, 2000 Landsat 5 TM 165/039 30 1%

November 26, 2013 Landsat 8 OLI 165/039 30 1%

November 16, 2024 Landsat 9 OLI 165/039 30 4%

Figure 2. Landsat Satellite Images used for shoreline extraction (1976, 1990, 2000, 2013, and 2024).

closest shoreline positions from the baseline, regardless

of timing, capturing the maximum range of shoreline vari-

ability (Abd-Elhamid et al., 2023). EPR is calculated by

dividing the distance between the oldest and youngest

shorelines by the time interval between them, providing

an average rate of change (Chrisben Sam and Gurugnanam,

2023). LRR determines the rate of change by fitting a least-

squares regression line to all shoreline positions to deter-

mine long-term shoreline trends (m/year) (Abd-Elhamid

et al., 2023).

2.5 Shoreline change analysis
Shoreline change analysis using DSAS involves the follow-

ing steps:

1. Baseline and transect definition: A baseline paral-

lel to the coastline was established at approximately

9,777 m inland from the mean shoreline position.

This baseline was selected based on: (1) parallelism

to the coastline to ensure perpendicular transects;

(2) containment of all coastal alterations within the
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Table 2. Mathematical equations and parameters for shoreline analysis.

Equation Eq. no. Detail of parameters Reference

𝑁𝐷𝑊𝐼 =
𝐺𝑟𝑒𝑒𝑛−𝑁𝐼𝑅

𝐺𝑟𝑒𝑒𝑛+𝑁𝐼𝑅
… (1) Normalized Differential Water Index: calculated by

band 2 and band 4 in Landsat 2 MSS and Landsat 5

TM

Hashim et al. (2025)

𝑀𝑁𝐷𝑊𝐼 =
𝐺𝑟𝑒𝑒𝑛−𝑀𝐼𝑅

𝐺𝑟𝑒𝑒𝑛+𝑀𝐼𝑅
… (2) Modified Normalized Differential Water Index; calcu-

lated by band 3 and band 6 in Landsat 5 TM and Landsat

8 OLI and Landsat 9 OLI2

Xu (2018)

𝑁𝑆𝑀 = 𝐷2−𝐷1… (3) 𝐷1 and 𝐷2: distance between the oldest and newest

shoreline and the baseline, respectively

Zhang et al. (2024)

𝑆𝐶𝐸 = 𝐷𝑚𝑎𝑥−𝐷𝑚𝑖𝑛… (4) 𝐷𝑚𝑎𝑥 and 𝐷𝑚𝑖𝑛: furthest and closest distances of any

coastline from the baseline (meters), respectively

Darwish and Smith (2023)

𝐿𝑅𝑅 =
∑
𝑛
𝑖=1 𝑡 × ∑

𝑛
𝑖=1𝑑 − ∑

𝑑
𝑖=1�𝑡𝑖 × 𝑑𝑖�

�∑
𝑛
𝑖=1 𝑡𝑖� − ∑

𝑛
𝑖=1 𝑡

2
𝑖

… (5) 𝑡: time (year); 𝑑: distance frm baseline; 𝑛: number of

coastline measurements available

Abd-Elhamid et al. (2023)

𝐸𝑃𝑅 =
𝑁𝑆𝑀

𝑇2 − 𝑇1
… (6) 𝑇1 and 𝑇2: the time of the oldest and newest shoreline,

respectively Quang et al. (2021)

𝐶𝑉𝐼 =
√𝐴 × 𝐵 × 𝐶 ×𝐷 × 𝐸 × 𝐹

6
(7) 𝐴: geomorphology; 𝐵: coastal slope; 𝐶: mean sea level

rise; 𝐷: EPR values; 𝐸: mean tidal range; 𝐹: mean wave

height

Ba-Khamis et al. (2025)

𝑆 = ∑
𝑛−1
𝑘=1

∑
𝑛
𝑗=𝑘+1 𝑠𝑔𝑛�𝑥𝑗 − 𝑥𝑘�… (8)

where ∶ 𝑠𝑔𝑛(𝜃) = �

+1 𝜃 > 0

0 𝜃 = 0

−1 𝜃 < 0
� 𝑥𝑗 and 𝑥𝑖 are the data values at time 𝑗 and 𝑖 (𝑗 > 𝑖),

respectively; 𝑛: number of data points

Aditya et al. (2021), Hashim et al.

(2024)

𝑄𝑖 =
𝑥𝑗 − 𝑥𝑖

𝑗 − 𝑖
, where 𝑖 = 1,2,3,…𝑁… (9)

transect range; (3) geomorphological stability of the

terrain. Recent studies confirms that a stable base-

line parallel to the coast improves accuracy in es-

timating erosion and accretion rates (Darwish and

Smith, 2023). Based on this baseline, 196 perpen-

dicular transects were created with uniform spacing

of 50 m and a smoothing distance of 500 m. The 50

m spacing represents an optimal balance between

spatial accuracy and computational efficiency, avoid-

ing high noise from spacing <50 m while captur-

ing meaningful coastal changes (Quang et al., 2021;

Mishra et al., 2024).

2. Statistical measures: Four statistical indicators

were applied: NSM (simple but does not reflect tem-

poral variations), SCE (captures overall coastal ac-

tivity but lacks directional information), EPR (pro-

vides annualized rates for regional comparison but

assumes linear change), and LRR (reflects overall

trends while minimizing local noise but masks non-

linear variations) (Quang et al., 2021; Darwish and

Smith, 2023; Abd-Elhamid et al., 2023; Zhang et al.,

2024). WLR was not applied due to uniform image

resolution (except for 1976 at 60 m) and regularly

spaced time intervals (13–14 years).

3. DSAS application and decision matrix: The DSAS

extension in ArcGIS was employed to quantify shore-

line change rates. According to (Paul et al., 2024b),

a multi-driver approach was adopted to account for

bothnatural processes (Shatt al-Arabdischarge, tidal

effects) and anthropogenic factors (new Faw port

breakwaters). A decision matrix framework was de-

veloped to classify the coast into six zones

(A–F) based on: (1) mean EPR, (2) erosion /accre-

tion evaluation, and (3) risk level, enabling evidence-

based management prioritization (Esmail et al.,

2019).

4. Uncertainty quantification: Shoreline position un-

certainty was quantified using root-sum-square

(RMS) propagation. Pixel resolution error was±15

m (half of 30 m Landsat pixels) (Colak, 2024), yield-

ing LRR uncertainty of±0.31 m/year over 48 years.

Georeferencing errors from 1976 MSS correction

(11.48 m RMS from 90 ground control points) trans-

late to ±0.24 m/year LRR uncertainty (Nassar et

al. 2019). Temporal stratification revealed higher

uncertainty for 1976–1990 (±0.68 m/year) due to

MSS errors and lower uncertainty for 2013–2024

(±0.42 m/year) due to superior OLI accuracy.

5. Future shoreline projections: Future shoreline po-

sitions were projected by extrapolating historical

rates of change using EPR and LRR statistical models

(Mishra et al., 2025; Santos et al., 2024). Advanced
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Figure 3. Integrated methodology framework for coastal erosion assessment.

methods such as the Kalman filter enable dynamic

updating of projections as new data becomes avail-

able, improving forecast accuracy and adaptability

to nonlinear coastal behavior (Long and Plant, 2012).

DSAS generates a point layer representing projected

future shorelinepositions, which is then classifiedus-

ing the decision matrix framework to identify zones

requiring management intervention.

Figure 3 shows the methodology framework of the cur-

rent study. As indicated in Table 3 (Natesan et al., 2015),

the global classification of coastal erosion hazard and risk

used to classify and mapping erosion and accretion rates

in Ras al Bisha region into six categories.

2.6 Coastal Vulnerability Index (CVI)
Coastal Vulnerability Index (CVI) integrates multiple pa-

rameters to assess coastal vulnerability to erosion. Devel-

oped by (Thieler and Hammar-Klose, 2000) CVI incorpo-

rates geomorphology, coastal slope, mean sea level rise,

EPR values, mean tidal range, andmeanwave height (Rouk-

ounis and Tsihrintzis, 2022). Table S2 shows the details

of parameters used to calculate CVI in the current study.

Each parameter is rated on a 1 to 5 scale (1= very low vul-

nerability; 5= very high vulnerability) according to USGS
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Table 3. Classification of coastal erosion hazard and risk

(Natesan et al., 2015).

Category Coastline change rate Risk level

(m/year)

1 ˃+2 Severe accretion

2 ˃+1 to ˂+2 High accretion

3 ˃0 to ˂+1 Medium accretion

4 ˃0 to ˂−1 Medium erosion

5 ˃−1 to ˂−2 High erosion

6 ˃−2 Severe erosion

standards (Thieler and Hammar-Klose, 2000). The CVI is

calculated by Equation (7), in Table 2 provides detailed

parameter descriptions.

2.7 Statistical relationships
The Mann-Kendall test is a nonparametric procedure for

detecting monotonic trends in time series data and to as-

sessing their statistical significance (Aditya et al., 2021).

The test statistic S is defined as in Equation (8) (Table 2).

To quantify the magnitude of these trends, Sen’s slope was

applied to the long-term temporal data. Negative and posi-

tive Sen’s slopes indicate downward and upward trends,

respectively (Hashim et al., 2024). Mann-Kendall test cal-

culations were performed using XLSTAT 2016 software.

3. Results
3.1 LULC classification
The LULC map for Ras al Bisha was generated from Sen-

tinel 2A multispectral imagery (10 m spatial resolution)

acquired on Nov. 12, 2024, Figure 4. Supervised Maximum

Likelihood Classification (MLC) was employed due to its

high accuracy in complex coastal environments. Six land

cover classeswere identified: water, vegetation, watertidal,

sand, barren land and urban areas. Training samples (540

points; 90per class)were collectedusing randomsampling

across the study area, withGoogle Earth imagery serving as

reference data. Classification accuracy was assessed using

240 validation points (40 per class) and standard confu-

sion matrix metrics, Table S3. Overall accuracy reached

92.5% with Kappa coefficient (𝜅 = 0.910), indicating al-

most perfect agreement. Producer’s and User’s accuracies

ranged from 90.0% to 97.4% (mean 93.3%), validating the

LULC classification for coastal risk assessment.

3.2 Statistical parameters
Four statistical indicators were applied to characterize

shoreline change: NSMquantifies thenet distance between

1976 and 2024 shorelines; SCE represents total coastal ac-

tivitymagnitude; LRR calculates the linear trend (m/year);

EPR provides annualized rates. Results are summarized in

Tables 4–5 and Figures 5–8.

The findings of NSM showed that the maximum ero-

sion (−804.66 m) occurred at transect No. 59 (eastern

zone), while maximum accretion (1,707.03 m) occurred at

Table 4. Statistical summaryofNSMandSCE (1976–2024).

NSM overall averages (m)

total number of transects 191

average distance 17.88

number of transects with negative distance 144

maximum negative distance −804.66

maximum negative distance transects ID 59

average of all negative distances −267.25

number of transects with positive distance 47

maximum positive distance 1707.03

maximum positive distance transects ID 23

average of all positive distances 891.47

SCE overall averages (m)

total number of transects 191

average distance 1651.42

maximum distance 2714.48

maximum distance transects ID 59

minimum distance 107.36

minimum distance transects ID 196

Table 5. LRR and EPR statistics for Ras al Bisha (1976–

2024).

Ras al Bisha, Al Faw district,

Basra, southern Iraq

Analysis period 1976–2024 (48 years)

NSM average −267.25m

EPR average 1.55 m/year

Max negative distance of NSM −804.66m

Max positive distance of NSM 1707.03 m

Max erosion EPR −16.75m/year

Max accretion EPR 50.18 m/year

Erosional percentage 75.39%

Accretional percentage 24.61%

Confidence interval 90%

Overall trend Significant coastal erosion

transect No. 23. NSM average reached 17.88 m. However,

accretion is concentrated in isolated pockets rather than

representing a general coastal trend. Statistical analysis

revealed 144 erosional transects (75%, average−267m)

versus 47 accretional transects (25%, average 891m), con-

firming erosion dominance along Ras al Bisha. Al-Fartusi

et al. (2023) found that the erosion and accretion pro-

cesses varied spatially in Iraq shoreline, with movement

of sediments from the Shat al Arab toward Khor Abdullah,

due to the currents and winds.

Average SCE distance was 1,651.42 m, ranging from

107.4 m (transect No. 196, western zone) to 2,714.48 m

(transect No. 59, eastern zone). This spatial variation

reflects the heterogeneous nature of coastal changes, indi-

cating both erosional and accretional processes through-

out the study period. These results are consistent with

the study of (Khalifa, 2019), which showed that the sedi-

ment concentration is highest in the Shat al Arab estuary,

confirming that the accretion is concentrated to

the east of Ras al Bisha, based on field measure-

ments.

Average LRRwas 6.85m/year. Erosional transects (70)
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Figure 4. Land Use/Land Cover (LULC) classification map of Ras al Bisha (2024).

Figure 5. Spatial distribution of Net Shoreline Movement (NSM) (1976–2024).

showed maximum erosion of−7.6m/year (western zone)

with average −1.65m/year. Accretional transects (119)

reached maximum accretion of 39.19 m/year (transect

No. 24, eastern zone) with average 11.85 m/year, con-

firming significant temporal variations in coastal behavior.

Lafta (2023) showed that strong currents in the northern

Arabian Gulf affect the spatial distribution of coastal trans-

port, explaining the erosion in the middle and west of Ras

al Bisha.

Maximum accretion reached 50.18 m/year (transect

No. 23, eastern zone at Shatt al-Arab mouth), while max-

imum erosion reached−16.75m/year (transect No. 59).
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Figure 6. Spatial distribution of Shoreline Change Envelope (SCE) values.

Table 6. DSAS summary of LRR and EPR for Ras al Bisha

(1976–2024).

Transects data LRR (m/year) EPR (m/year)

Total number of transects 189 191

Average rate 6.85 1.55

Number of erosional transects 70 144

Maximum value erosion −7.6 −16.75

Maximum value erosion transects ID 194 59

Average of all erosional rates −1.65 −5.56

Number of accretional transects 119 47

Maximum value accretion 39.19 50.18

Maximum value accretion transects ID 24 23

Average of all accretional rates 11.85 23.33

Uncertainty of the average rate ±0.48

Overall EPR averaged 1.55 m/year across 191 transects.

Erosional transects (144, 75.4%) averaged−5.56m/year,

while accretional transects (47, 24.6%) averaged 23.33

m/year. Uncertainty analysis yielded±0.48 m/year (com-

bining pixel resolution, geometric correction, and tidal

errors), making the net accretion rate of +1.55 m/year

statistically meaningful. At 90% confidence, true shoreline

change lies within+1.07 to+2.03 m/year (Le Cozannet et

al., 2019; Farris et al., 2023). Results indicate that Ras al

Bisha experiences dominant erosion (75% of coast) with

localized rapid accretion in the eastern zone. Sediment

transport from Shatt al-Arab toward Khor Abdullah, driven

by currents and Shamal winds, explains the eastward ac-

cretion pattern. Strong currents in the northern Arabian

Gulf affect spatial distribution of coastal transport, explain-

ing erosion in the middle and western zones (Lafta, 2021;

Mussa et al., 2024). Table 6 shows the summary statistics

of DSAS for Ras al Bisha from 1976 to 2024.

3.3 Spatial distribution of erosion and accretion
The quantitative summary of statistical indicators Table

S4 reveals the following spatial patterns:

• NSM: The positive mean of 17.88 m indicates a gen-

eral trend toward accretion, but the large standard

deviation (412.5 m) reflects substantial spatial het-

erogeneity between coastal zones.

• SCE: The high mean of 1651.42 m indicates intense

coastal activity ranging from 107 m (minimum) to

2714 m (maximum).

• LRR: The positive mean of 6.85 m/year indicates a

general demonstrates statistical trend toward accre-

tion.

• EPR: The low positivemean of 1.55m/year indicates

a relatively slower rates of change compared to LRR,

suggesting that while long-term trends favor accre-

tion, current rates of change are more moderate.

Complementary temporal distribution (Table S5) reveals

the following distinct patterns across five periods: follow-

ing:

• Clear temporal alternation: Erosion periods (1976–

1990, 2000–2013) alternate with accretion periods

(1990–2000, 2013–2024).

• Strongest accretionperiod (1990–2000): Rate+1.48

m/year with a total accretion of 14.8 km2.

• Strongest erosion period (1976–1990): Rate−1.04

m/year with a total erosion of 14.5 km2.
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Figure 7. Spatial pattern of Linear Regression Rate (LRR) for coastal change.

Figure 8. Spatial distribution of End Point Rate (EPR) values.

• Long-term trend: Approximate equilibrium (1.84

km2 accretion vs. 1.43 km2 erosion).

Spatial analysis reveals that accretion is concentrated

in the eastern zone (particularly near Shatt al-Arabmouth),

while erosion dominates the western and central

zones.

3.4 Changes in area
Figure 9 presents the net area changes between successive

shoreline positions across four temporal intervals. De-

tailed analysis of each period follows: Period 1 (1976–

1990) Net erosion of 14.53 km2 characterized this inter-

val, reflecting shoreline erosion driven by reduced sedi-

ment supply from Shatt al-Arab. This pattern established

the baseline erosional trend for the study area. Period 2

(1990–2000): A reversal occurred with net accretion of

14.84km2, indicating significant coastal progradationalong

Ras al Bisha. This period represents the strongest accre-

tional phase in the 48-year record. Period 3 (2000–

2013): Erosion resumed with net loss of 5.45 km2 across

most of the coast. However, localized accretion of 0.22

km2 occurred at the eastern entrance to Shatt al-Arab, in-

dicating spatial heterogeneity in coastal response. Period
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Figure 9. Temporal variations in erosion and accretion areas by period (1976–2024).

4 (2013–2024): Accretion dominated again with net gain

of 4.5 km2 in the southern and western coastal regions

and parts of the eastern zone. Conversely, slight erosion of

0.11 km2 occurred at Shatt al-Arab mouth, confirming the

recent shift toward net accretion at Ras al Bisha.

Reconciling apparent contradictions: The apparent

contradiction between net area accretion (1.84 km2) and

the high proportion of eroding transects (75.4%) reflects

a fundamental difference in measurement scales. The

net area represents the weighted spatial balance domi-

nated by high-magnitude accretion zones (e.g., eastern re-

gion of Ras al Bisha), while DSAS transect analysis counts

the frequency of erosional segments regardless of mag-

nitude. This pattern – localized high accretion offsetting

distributed low-magnitude erosion – is characteristic of

many coastal systems and indicates that despite overall

sediment gain, the majority of the shoreline experiences

erosional stress requiring coastal management attention

(Luijendijk et al., 2018).

Comparison with DSAS Results: Area based mea-

surements, Figure 9 and DSAS transect analysis, Table 4

showgeneral consistency in temporal trends: erosion dom-

inated 1976–1990 and 2000–2013, while accretion domi-

nated 1990–2000 and 2013–2024, Table 7. However, dif-

ferences emerge in the long-term balance (1976–2024):

area analysis yields net accretion, whereas DSAS shows

that 75.4% of transects experienced net erosion. This di-

vergence reflects the dominance of strong accretion rates

in specific locations, which elevated the overall average

despite erosional dominance across most profiles. Both
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Table 7. Coastal zone classification based on end point rate (EPR) Decision Matrix.

Time period Net area results

(km2)

DSAS results Final details

1976–1990 Erosion= 14.5 NSM is negative in most transects (≈ 75%), EPR avg. −5.5

m/year for eroded transects

Widespread erosion

1990–2000 Accretion= 14.8 Some transects showed strong accretion (NSM positive up

to +1707m, EPR up to +50m/year)

Extensive Accretion

2000–2013 Erosion=5.45;

Accretion= 0.22

Most of transects are negative (NSM/EPR), with erosion

rates of −5 to −16m/year

Erosion dominance

2013–2024 Accretion= 0.45;

Erosion= 0.11

LRR: 63% of the transects are sedimentary, rates of +11.8

m/year for positive transects

Accretion is more pronounced in

some locations

1976–2024 Accretion= 1.84;

Erosion= 1.43

The overall EPR is = +1.55 m/year, although 75% of the

transects are negative, the positive locations have a large

effect

The final result is almost balanced

with a clear accretion

methods complement each other: area-based analysis cap-

tures spatial variability, while DSAS reveals trend patterns

and annual rate.

3.5 Statistical relationships
TheMann-Kendall test applied to assess the significance of

temporal trends in coastal change rates (Table S6). Results

indicate that all indicators exhibit significant trends to-

ward accretion (p< 0.05), with LRR showing the strongest

significant signal (p= 0.018). This confirms that observed

trends reflect genuine coastal dynamics rather than ran-

dom variation.

Sen’s slope was applied to estimate the true rate of

change independent of outliers (Table S7). Results demon-

strate that Sen’s slope is+1.32 m/year, as it’s resistant to

extreme values. The 95% confidence interval exclude zero,

confirming statistical significance of the accretion trend.

Period-specific Mann-Kendall analysis (Table S8) reveals

that the first three periods (1976–1990, 1990–2000 and

2000–2013) exhibited significant trends, while the final

period (2013–2024) showed relative stability (p= 0.312),

suggesting a shift toward equilibrium.

3.6 Decision matrix
A decision matrix provides a systematic framework for

coastal management by integrating multiple criteria and

spatial variability. Decision matrices were developed for

Ras al Bisha coast using EPR findings from (1976–2024),

dividing the area zones (A–E) extending from east to west,

Figure 10. The overall results, as shown in Table 8 of Ras al

Bisha coast (191 transect, 9777 m total length) exhibit an

accretion rate+1.55 m/year with a regional classification

(regionally eroded). This apparent paradox reflects the

dominance of severe accretion in the eastern zone (Zone

A) offsetting erosion distributed in themiddle andwestern

zones (B, D, E, and F). Zone C represents a narrow accretion

pocket. These findings confirm significant coastal expo-

sure to erosion, particularity in middle and western zones,

despite localized zones of severe accretion that contribute

to the overall mean.

Table 8. Coastal zone classification based on end point

rate (EPR) Decision Matrix.

Zone Transects Length (m) EPR (m/year) Classification

A 6–50 2422 +24.34 Severe accretion

B 53–88 1839 −8.93 Severe erosion

C 98 200 +1.03 Accretion

D 100–130 2579 −5.11 Severe erosion

E 131–170 780 −1.57 Moderate erosion

F 171–196 1957 −5.44 Severe erosion

Table 9. CVI classification and risk priority assessment.

Zone CVI value Rank Vulnerability degree Priority

F 14.43 1 High Very urgent

B 12.91 2 Moderate-high Urgent

D 12.91 3 Moderate-high Urgent

E 11.55 4 Moderate Moderate

C 10.00 5 Low-moderate Low

A 7.07 6 Low Very low

3.6.1 Coastal Vulnerability Index (CVI)
The CVI was applied to the Ras al Bisha coastline by inte-

grating EPR values derived fromDSAS analysiswith five ad-

ditional physical variables: geomorphology, coastal slope,

relative sea level rise, coastal erosion/accretion rate, and

mean tidal range. Details of parameters, classification stan-

dard, EPR ranking, and zone-specific ranks are presented

in (Tables S9, S10 and S11), respectively. Equation (7) in

Table 2 was applied to each zone using rank values.

Results, in Table 9 reveals significant spatial variation

in coastal vulnerability. Region (F) exhibits the highest

vulnerability (14.43) resulting from severe erosion, fragile

geomorphology, and accelerated sea level rise, followed by

regions (B and D) at 12.91. In contrast, region (A) regis-

ters the lowest vulnerability (7.07) due to high accretion

rates. Notably, regions (B and E), classified as “high risk”

based on EPR alone, show reduced vulnerability when as-

sessed through CVI because low tidal range and low wave

heights in the Arabian Gulf reduce hydrodynamic energy.

Conversely, region (C) appeared low-risk based on EPR

(+1.03 m/year accretion) but CVI reveals its vulnerabil-
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Figure 10. Coastal zone classification matrix based on End Point Rate (EPR) decision criteria.

ity to accelerated sea level rise and flat coastal topogra-

phy, indicating potential long-term risk. The integrated

CVI assessment demonstrates its ability to refine risk clas-

sifications beyond EPR analysis alone. By incorporating

multiple physical variables, CVI mitigates risk overestima-

tion in regions (B and E) while revealing hidden vulnera-

bilities in region (C) not identified by EPR. This compre-

hensive framework provides more accurate coastal risk

assessment, as demonstrated by recent studies. Spinu et

al. (2025) and Theocharidis et al. (2024) showing that CVI

integrates multiple variables into a unified mathematical

framework for enhanced coastal management.

3.7 Projection of Ras al Bisha coastline
DSAS projections for 2035 and 2045, Figure 11 indicate

sustained eastward expansion of the Ras al Bisha coast-

line, with accelerated accretion at the Shatt al-Arab mouth

reaching about 32.55 m by 2045.

This projection results from four interconnected fac-

tors: (a) massive sediment discharge from the Shatt al-

Arab, estimated at 0.93million tons/year of fine sediments

(clay and silt) (Al-Mosawi and Al-Manssory, 2021); (b) es-

tuarine hydrodynamics where fine sediments rapidly de-

posit near the river mouth due to velocity reduction at the

river-sea confluence; (c) human interventions including

navigation channel dredging and coastal barriers that alter

natural sedimentation patterns; and (d) extreme storms,

which cause temporary localized erosion but do not ex-

plain the observed long-term accretion trends (Santos et

al., 2024). This combination explains the exceptional ac-

cretion rates (50 m/year) observed near the Shatt al-Arab

mouth compared to other Iraqi coastal areas (Mahdi et al.,

2026).

In contrast, the central and western zones exhibit per-

sistent erosion, with 75% of transects showing negative

rates approaching−16.7 m/year.

Despite this spatial dominanceof erosion, thenet coastal

balance remains slightly positive (overall EPR=

1.55 m/year), reflecting the offsetting effect of high-

magnitude accretion in the east.

DSAS projections reveal a spatially complex pattern:

localized accretion zones in the east interspersed with
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Figure 11. Projected shoreline evolution based on historical trends (2035–2045).

an extended erosion band in the central and western re-

gions. The new Faw port breakwaters (approximately 15

km long) represent a major anthropogenic factor influ-

encing coastal dynamics during 2013–2024. These struc-

tures redistribute wave and tidal energy, creating two con-

trasting zones: enhanced sedimentation on the protected

side and accelerated erosion on the exposed side where

reflected wave energy concentrates at the breakwater ter-

minus (Mahdi et al., 2025). Concurrent dredging of the

outer navigation channel further redistributes sediments

and modifies natural patterns in surrounding areas.

Quantifying the independent contributions of breakwa-

ter effects versus natural factors (tidal currents and wind-

driven processes) requires specialized hydrodynamicmod-

eling beyond DSAS capabilities (Aldawish and Ibrahim,

2025). However, the dramatic reduction in Shatt al-Arab

discharge from 1,191 m3/s to 50 m3/s provides critical

context. This decline transforms the estuarine system from

transport-dominated (river-driven) to tidal-dominated ac-

cretion. Khalifa (2019) demonstrates that fine sediments

accumulated over previous decades become a secondary

accretion source through tidal resuspension, maintaining

coastal accretion despite reduced upstream sediment sup-

ply. This mechanism explains the continued net coastal

gain observed in recent years. Supporting this interpre-

tation, (Al-Aesawi et al., 2020) confirm that reduced dis-

charge in the Shatt al-Arab enhances tidal dominance, pro-

moting short-term sediment accretion in the estuary. To-

gether, these findings indicate that observed coastal

changes (erosion and accretion) reflect long-term system

responses rather than transient extreme events, with pro-

jections to 2045 suggesting continued eastward expansion

offset by persistent western erosion.

4. Discussion
The 48-year shoreline analysis of Ras al Bisha reveals a

paradoxical coastal dynamic. Specifically, 75.4% of the

coastline exhibits erosion (−16.75 to−8.2 m/year), while

24.6%demonstrates exceptional accretion (+25 to+50.18

m/year), yielding a net area gain of+1.84 km2. When com-

pared directly with (Al-Fartusi et al. 2023), who analyzed

the entire Iraqi coastline (1973–2021) using DSAS with

Landsat imagery, the current study’s maximum erosion

rate aligns with their findings of maximum rates in Ras al

Bisha near the new Faw port. This long-term time pattern

is crucial for understanding the sediment dynamics re-

sulting from the fluctuations in the Shatt al-Arab drainage

and human interventions. Quantitative attribution anal-

ysis indicates that 60% of recent accretion (2013–2024)

derives from new Faw port breakwaters and dredging ac-

tivities, while 40% originates from Shatt al-Arab sediment

discharge despite its 95.8% decline from 1,191 m3/s to 50

m3/s. This finding demonstrates that coastal infrastruc-

ture and sediment concentration dynamics, rather than

discharge volume alone, govern net coastal change. Tempo-

ral analysis reveals cyclical patterns recurring every 10–13

years, potentially linked to long-term climate variability

and periodic dredging operations that redistribute sedi-

ments.

Regionally, (Nassar et al., 2019) documentedmaximum

coastal erosion of −8.17 m/year in El Tinah Bay, North
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Sinai coast, Egypt (1989–2016), using DSAS with Land-

sat imagery. When compared to Ras al Bisha, the rate is

almost double. This difference is due to several factors:

the depletion of the sediment stock in the Shatt al-Arab;

the concentration of erosion at the river mouth; and the

construction of the new Faw port, which altered coastal

currents. In contrast, the net sediment accretion at Ras al

Bisha (1.84 km2, 1976–2024) contrasts sharply with the

prevailing erosion pattern in the El Tinah Bay, reflecting

the dominance of sediment accretion at the river mouth in

estuary systems versus wave-dominated erosion in open

coastal areas.

At the global scale, (Paul et al., 2024b) elucidated over-

wash vulnerability and shoreline dynamics in Sagar Island

(2000–2020), employing DSAS with Landsat imagery. In-

terestingly, their findings of maximum erosion rates of

−2.1 m/year are substantially lower than Ras al Bisha’s

−16.7 m/year, reflecting the fundamental difference be-

tween wave dominated island coasts and river mouth estu-

arine systems. However, their integration of overwash vul-

nerability assessment with shoreline change analysis pro-

vides a methodological precedent for the current study’s

integration of CVI with DSAS derived EPR. Gümüs et al.

(2022)usedDSASandLandsat imagery to investigate shore-

line change rates in Lake Beyşehir, Turkey, documenting

maximumerosion of−12.03m/year over a 35-year period.

This rate is comparable to Ras al Bisha’s average (−5.56

m/year) but lower than the maximum (−16.7 m/year),

suggesting that estuarine systems with active sediment

supply such as Shatt al-Arab can exhibit higher variability

in erosion rates than lacustrine systems.

Several limitations merit consideration. DSAS quan-

tifies spatial and temporal shoreline changes but cannot

directly attribute these to specific hydrodynamic or sedi-

ment transport processes (Pardo-Pascual et al., 2018; Him-

melstoss et al., 2021). Positional uncertainty (±30 m) ob-

scures short-term fluctuations, while limited temporal res-

olution (5 measurements over 48 years) precludes sea-

sonal analysis. Future projections to 2045 indicate base-

line shoreline advance of +32.55 m (EPR-based). Inte-

grated coastal hazards – erosion, sea level rise, and subsi-

dence (estimated at 1–2 cm/year) – increase overall risk

by 30–50%, particularly in western zones. Hydrodynamic

modeling (DELFT3D), sediment budget analysis, and GPS/

InSARmonitoring are essential to distinguish natural from

anthropogenic drivers. Integrating socioeconomic vulnera-

bility assessments with storm surge models under climate

change conditions, will enable comprehensive coastal risk

evaluation and improved management strategies for delta

systems facing concurrent river decline and human im-

pacts.

4.1 Limitations and future direction
This study relied on Landsat multispectral data (30 m res-

olution, 1976–2024), which introduces positional error of

±30m. Future research should validate findings using UAV

and LiDAR surveys. A fundamental DSAS limitation is its in-

ability to directly link shoreline changes to specific physical

processes. Five measurements over 48 years may obscure

seasonal and event-driven changes (e.g., storms, floods).

Annual or more frequent Landsat acquisition would im-

prove temporal resolution. GPS and InSAR time series

would provide precise subsidence measurements, particu-

larly for delta regions experiencing rapid compaction.

Key researchpriorities include: (1) hydrodynamicmod-

eling to quantify river, wave, and tidal influences on sedi-

ment transport; (2) exposure mapping to assess popula-

tion and infrastructure vulnerability; (3) integrating shore-

line projections with sea-level rise and storm surge sce-

narios; (4) establishing GPS/ InSAR monitoring networks

for subsidence detection; and (5) sediment core analysis

to understand past coastal changes and their causes.

5. Conclusions
The 48-year shoreline analysis of Ras al Bisha using Land-

sat data and DSAS reveals significant spatial and temporal

variability. Erosion dominated 75% of the coastline, par-

ticularly in central and western zones, with erosion rates

approaching−16.7 m/year. Conversely, exceptional accre-

tion (+50 m/year) concentrated in eastern sections near

the Shatt al-Arab mouth, resulting in a net area gain of

+1.84 km2. Critically, temporal analysis identified cyclical

patterns: erosion phases (1976–1990, 2000–2013) alter-

nating with accretion phases (1990–2000, 2013–2024).

These findings carry critical implications for coastal man-

agement and policy. Local populations, livelihoods, and

essential infrastructure face immediate risk in severely

degraded western zones, necessitating urgent interven-

tions including coastal barriers and beach rehabilitation.

Progressive loss of fisheries and agricultural land due to

erosion and salinization threatens food security and eco-

nomic stability. The new Faw port requires continuous

maintenance and engineering adjustments to mitigate ac-

celerated western erosion.

Projections for 2035 and 2045 indicate continued sedi-

ment imbalance, with accretion persisting in the east near

the Shatt al-Arab mouth and erosion advancing in the west

and center. This pattern reflects interactions between

natural factors (wind, currents, tides) and anthropogenic

drivers (new Faw port construction, marine infrastruc-

ture), which fundamentally altered sedimentation dynam-

ics and coastal sediment transport.

However, the 2035–2045 projections represent base-

line scenarios derived from linear trend extrapolation, re-

flecting historical shoreline dynamics rather than deter-

ministic forecasts. These projections represent baseline

scenarios reflecting historical dynamics rather than deter-

ministic forecasts. Incorporating dynamic sea level rise

and infrastructure perturbations requires process-based

numerical modeling (Ba-Khamis et al., 2025; Mahdi et al.,



Deciphering coastal shoreline dynamics in the Mesopotamian Delta: Integrating 48-year Landsat ... 17/20

2025).

Effective coastal management at Ras al Bisha requires

an integrated coastal zonemanagement (ICZM) framework

that synthesizes continuous remote sensing monitoring,

process-based hydrodynamic modeling, and adaptive man-

agement strategies responsive to emerging climate and

infrastructure-related changes. For high erosion zones (B,

D, F), recommended interventions include: submerged off-

shore breakwaters combined with mangrove revegetation

in Zone B to dissipate wave energy and stabilize mudflat

surfaces; rock barriers from Faw port dredging in Zone D

to intercept longshore transport. Future research should

integrate high-resolution hydrodynamic models, satellite

imagery, and artificial intelligence to enhance projection

accuracy. Effective coastal management requires integrat-

ing science, policy, and community engagement to ensure

resource sustainability and hazard mitigation (Barillà et

al., 2025).
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Wöppelmann, G., Rohmer, J., Bernon, N., Idier, D., Louisor,
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