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ABSTRACT 

Accurate shoreline delineation is fundamental for coastal monitoring, environmental management, and hazard 

mitigation. This study presents a deep learning–based semantic segmentation framework for automated 

shoreline extraction from high-resolution optical imagery using a U-Net architecture. A dataset comprising 31 

manually annotated coastal images was augmented through geometric transformations to generate 155 image–

mask pairs for model training, validation, and testing. The network was optimized using the Adam optimizer 

and a hybrid Dice–Binary Cross-Entropy loss function to mitigate class imbalance between land and water 

pixels. Model performance was evaluated using Accuracy, Precision, Recall, F1-score, and Intersection over 

Union (IoU) metrics. Validation results demonstrated strong segmentation performance, achieving an Accuracy 

of 98.63%, Precision of 83.58%, Recall of 81.75%, and F1-score of 81.93%. On an independent test dataset 

representing diverse coastal environments, the model attained an Accuracy of 98.33% and an F1-score of 

78.24%, indicating robust generalization under heterogeneous imaging conditions. Despite the limited dataset 

size, the results confirm the methodological feasibility and reliability of U-Net-based semantic segmentation 

for shoreline delineation. The proposed framework offers a reproducible and computationally efficient 

foundation for scalable shoreline mapping and future multi-temporal coastal monitoring applications. 

 

Keywords: Keyword Automatedb, Google Earth, Semantic segmentation, Binary segmentation, Coastline 

delineation 

 

INTRODUCTION 

Coastal zones represent some of the most dynamic and 

environmentally sensitive regions on Earth, shaped by the 

continuous interaction of natural processes and anthropogenic 

activities. These environments provide critical ecological 

services, serve as economic hubs, and support a rapidly 

growing proportion of the global population (Maul & 

Duedall, 2019; Cosby et al., 2024). However, accelerated 

urbanization, coastal engineering, sea-level rise, intensified 

storm events, and sediment transport imbalance have 

significantly altered shoreline positions worldwide, resulting 

in widespread coastal erosion, habitat degradation, and 

increased vulnerability to flooding and storm surges 

(Asensio-Montesinos et al., 2024; Balakrishnan et al., 2023; 

Angnuureng et al., 2025). Accurate, timely, and scalable 

shoreline monitoring is therefore essential for effective 

coastal zone management, disaster risk reduction, and 

sustainable development planning (Kundu & Mandal, 2024; 

Zhang et al., 2024). 

Traditional shoreline mapping approaches have relied on 

ground surveys, aerial photogrammetry, and manual 

interpretation of topographic maps and satellite imagery. 

While these techniques can achieve high positional accuracy, 

they are often labor-intensive, time-consuming, and costly, 

limiting their suitability for frequent large-scale monitoring 

(McAllister et al., 2022; Liu et al., 2024). Advances in remote 

sensing technologies, including multispectral satellite 

imaging, airborne LiDAR, unmanned aerial vehicle (UAV) 

photogrammetry, and synthetic aperture radar (SAR), have 

substantially enhanced spatial resolution and temporal 

coverage for shoreline observation. Since the launch of the 

Earth Resources Technology Satellite (ERTS-1, now Landsat 

1) in 1972, Earth observation systems have continuously 

evolved, leading to the current availability of diverse satellite 

platforms such as Landsat 8 and 9, Sentinel-1 and Sentinel-2, 

and high-resolution commercial constellations including 

PlanetScope and WorldView (Belward & Skøien, 2015; Alan 

et al., 2015; Ustin & Middleton, 2024; Christofi et al., 2025). 

These advances have enabled unprecedented opportunities for 

systematic and scalable coastal monitoring. 

Despite these technological developments, automated 

shoreline extraction from satellite imagery remains 

challenging. Early computational approaches relied 

predominantly on pixel-based thresholding techniques, such 

as the Normalized Difference Water Index (NDWI), band 

ratio methods, and classical edge detection algorithms, as well 

as conventional supervised machine learning classifiers 

(McAllister et al., 2022; Zhou et al., 2023). While these 

methods perform satisfactorily under optically simple 

conditions, their effectiveness degrades markedly in 

heterogeneous coastal environments characterized by variable 

water turbidity, wet sand reflectance, shadow effects, and 

complex shoreline morphology (Dang et al., 2022; Liu et al., 

2024). These limitations often lead to fragmented shorelines, 

reduced boundary continuity, and limited generalization 

across geographically diverse coastal regions, highlighting 

the need for more adaptive and robust shoreline extraction 

frameworks. 

Recent advances in deep learning, particularly convolutional 

neural networks (CNNs), have revolutionized remote sensing 

image analysis by enabling automatic hierarchical feature 

learning and robust generalization across complex scenes. 

Semantic segmentation architectures, including U-Net, U-

Net++, Attention U-Net, and DeepLabV3+, have 

demonstrated exceptional performance in pixel-level 

classification tasks such as land cover mapping, road 

extraction, surface water detection, and coastline delineation 

(Liu et al., 2024; Yang et al., 2024; Santos et al., 2025; 

Mahmoud et al., 2025). Among these architectures, U-Net has 

gained widespread adoption due to its relatively simple 

design, strong localization capability, and effectiveness under 

limited training data conditions. Originally developed for 
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biomedical image segmentation, U-Net and its variants have 

been successfully adapted to diverse geospatial applications, 

including shoreline extraction, offering precise boundary 

delineation even in visually complex environments 

(Ronneberger et al., 2015; Çiçek et al., 2016; Liu et al., 2024). 

Although deep learning–based shoreline extraction methods 

have shown considerable promise, several critical challenges 

persist. Many existing studies rely on large, sensor-specific 

datasets, complex multi-input network architectures, or 

regionally constrained case studies, which may limit 

computational efficiency, reproducibility, and applicability in 

data-scarce environments (Christofi et al., 2025; Mahmoud et 

al., 2025). 

Furthermore, relatively few studies have systematically 

evaluated the performance of lightweight, reproducible U-

Net-based segmentation frameworks using high-resolution 

optical imagery obtained from globally accessible platforms. 

Such imagery often represents the primary data source 

available for coastal studies in developing regions, where 

access to calibrated multispectral or SAR datasets may be 

restricted. In addition, limited attention has been directed 

toward assessing generalization performance under 

heterogeneous environmental conditions when training data 

availability is constrained, creating a notable methodological 

gap. 

To address these limitations, this study proposes a deep 

learning–based semantic segmentation framework for 

automated shoreline extraction from high-resolution optical 

imagery using a U-Net architecture. The framework integrates 

geometric data augmentation, hybrid loss optimization, and 

post-processing-based shoreline vectorization to enable 

accurate, continuous, and computationally efficient shoreline 

delineation. Unlike site-specific or multi-temporal shoreline 

change studies, the present work adopts a methodological 

focus, emphasizing algorithm development, performance 

evaluation, and generalization capability across diverse 

coastal imaging conditions. The main contributions of this 

study are threefold: (i) development of a reproducible U-Net-

based segmentation framework tailored for shoreline 

extraction under limited data availability; (ii) comprehensive 

quantitative evaluation using multiple performance metrics 

across training, validation, and independent testing datasets; 

and (iii) demonstration of an end-to-end shoreline extraction 

pipeline integrating deep learning segmentation with vector-

based post-processing suitable for GIS-based coastal analysis. 

The proposed framework provides a robust methodological 

foundation for scalable shoreline mapping and future multi-

temporal coastal monitoring applications. 

 

MATERIALS AND METHODS 

Conceptual Study Framework and Data Scope 

This study adopts a methodological, data-driven framework 

rather than a site-specific coastal case study. The objective is 

to develop and evaluate a deep learning–based shoreline 

extraction approach that is applicable across a range of coastal 

image conditions. Accordingly, the analysis is conducted at 

the image and pixel levels, without restricting the 

investigation to a single, geographically continuous shoreline 

segment. 

The dataset comprises high-resolution optical imagery 

representing diverse coastal settings, including sandy 

beaches, estuarine margins, and anthropogenically modified 

shorelines typical of low-lying tropical and subtropical 

environments. Images were selected to capture variability in 

shoreline morphology, land–water contrast, and 

environmental complexity, thereby enabling a more 

comprehensive assessment of model performance under 

heterogeneous conditions. 

High-resolution optical imagery was obtained from Google 

Earth Pro for methodological development and evaluation 

purposes. Although Google Earth imagery does not provide 

standardized sensor metadata or guaranteed positional 

accuracy, it offers visually interpretable, high-resolution data 

suitable for testing automated shoreline extraction algorithms. 

In this study, the use of Google Earth imagery is strictly 

limited to algorithm development and performance 

evaluation, rather than absolute shoreline position 

measurement or site-specific coastal change analysis. 

 

Image Source and Dataset Description 

High-resolution optical imagery used in this study was 

obtained from Google Earth Pro and selected for 

methodological development and evaluation of shoreline 

segmentation. Image selection was guided by visual criteria, 

including minimal cloud cover, clear land–water contrast, and 

the presence of distinct shoreline features. 

To enhance the diversity of shoreline characteristics 

represented in the dataset, imagery was sampled from 

multiple, spatially independent coastal settings exhibiting 

variations in shoreline morphology, surface texture, and 

environmental conditions. Although Google Earth imagery 

does not provide standardized sensor metadata, its high spatial 

detail and visual interpretability are suitable for assessing the 

performance of automated shoreline extraction algorithms at 

the image level. 

 

Data Size Preprocessing and Annotation 

Although the original dataset comprises only 31 manually 

annotated coastal images, the objective of this study is 

methodological development and feasibility assessment 

rather than large-scale operational deployment. Prior studies 

have demonstrated that U-Net-based architectures can 

achieve reliable segmentation performance even under 

limited training data conditions when supported by 

appropriate data augmentation strategies (Ronneberger et al., 

2015; Liu et al., 2024). In this study, extensive geometric 

augmentation was applied to improve feature diversity and 

generalization capability. Nevertheless, future extensions of 

this framework should incorporate larger and more 

geographically diverse datasets, as well as cross-validation 

strategies, to further strengthen statistical robustness and 

generalization performance. The acquired imagery was 

preprocessed using ArcGIS 10.4 to isolate coastal zones of 

interest and to ensure consistent input dimensions for model 

training. Each image was manually cropped to focus on land–

water interfaces while minimizing irrelevant inland or 

offshore areas. 

Ground-truth shoreline masks were generated through manual 

annotation, in which pixels were classified into binary land 

and water classes. These annotated masks served as 

supervisory labels for training and evaluating the deep 

learning model. The annotation process was performed 

consistently across all images to maintain label coherence. 

Figure 1shows a representative examples of high-resolution 

optical coastal imagery used in this study and their 

corresponding manually annotated for shoreline 

segmentation. 
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Figure 1: Image Preparation Phase 

 

To improve model robustness and generalization, the initial 

dataset of 31 manually annotated images was augmented 

using geometric transformations, including horizontal and 

vertical flipping, rotation, and scaling. Data partitioning into 

training, validation, and testing subsets was performed prior 

to augmentation using a 70:10:20 ratio to prevent information 

leakage between datasets. Augmentation was then applied 

independently to each subset, resulting in a total of 155 

image–mask pairs. To improve statistical robustness despite 

the limited dataset size, stratified k-fold cross-validation 

could be adopted in future extensions of this work to further 

validate generalization performance across heterogeneous 

coastal environments. 

All images and corresponding masks were resized to 512 × 

512 pixels to ensure uniform input dimensions for model 

training. Pixel intensity values were normalized on a per-

image basis to improve numerical stability during training, as 

expressed in equation (1): 

𝐼𝑛𝑜𝑟𝑚 =
𝐼−𝐼𝑚𝑖𝑛

𝐼𝑚𝑖𝑛𝑚𝑎𝑥
    (1)  

Where: I represents the original pixel intensity, and Imin and 

Imax are the minimum and maximum pixel values in the image. 

 

U-Net Architecture and Segmentation Process 

Shoreline segmentation in this study was carried out using a 

U-Net convolutional neural network, selected for its 

effectiveness in pixel-level semantic segmentation tasks, 

particularly when training data are limited (Ronneberger et 

al., 2015). The U-Net architecture employs a symmetric 

encoder–decoder structure with skip connections that 

facilitate the preservation of fine spatial details, which is 

essential for delineating complex land–water boundaries. 

As illustrated in Figure 2, the network consists of a 

contracting path (encoder) for hierarchical feature extraction 

and an expansive path (decoder) for spatial resolution 

recovery. Feature extraction in the encoder is performed 

through successive convolutional layers followed by 

nonlinear activation and downsampling operations. The 

transformation at layer 𝑙can be expressed as expressed in 

equation 2: 

𝐹𝑙 = 𝜎(𝐵𝑁(𝑊𝑙 ∗ 𝐹𝑙−1 + 𝑏𝑙)   (2) 

Where: Fl is the feature map at layer l, Wl and bl are the 

convolutional weights and bias respectively, 𝐵𝑁(⋅)denotes 

batch normalization, ∗indicates convolution, and 𝜎(⋅)is the 

Rectified Linear Unit (ReLU) activation function. 

At the network bottleneck, deeper layers capture high-level 

semantic representations of coastal features. The decoder path 

restores spatial resolution through transposed convolution, 

while skip connections concatenate corresponding encoder 

feature maps with decoder outputs to preserve shoreline 

delineation and/or boundary-related information (Çiçek et al., 

2016). The final segmentation output is generated using a 

sigmoid activation function to produce a pixel-wise shoreline 

probability map, as shown in equation (3): 

𝑷(𝒙) =
𝟏

𝟏+𝒆−𝒙
    (3) 

Where: x is the input to the sigmoid function. 

Figure 3 presents the complete shoreline extraction workflow, 

including data preprocessing, model training, and 

segmentation output generation. 
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Figure 2: Adopted U-Net Architecture for the Study 

 

 
Figure 3: U-Net Model Pipeline for Shoreline Detection  

 

Model Training and Loss Optimization 

Model training was conducted using the Adam optimization 

algorithm with a learning rate of 1 × 10−4and a batch size of 

8. The network was trained for 200 epochs on a GPU-enabled 

Google Colab Pro environment. 

To mitigate class imbalance between land and water pixels 

and to enhance shoreline boundary delineation, a hybrid loss 

function combining Binary Cross-Entropy (BCE) loss and 

Dice loss was employed. The BCE loss, which penalizes 

pixel-wise classification errors, is defined as by equation (4): 

ℒBCE = −
1

𝑁
∑ [𝑦𝑖log⁡(𝑝𝑖) + (1 − 𝑦𝑖)log⁡(1 − 𝑝𝑖)]

𝑁

𝑖=1
(4) 

Where 𝐿BCE denote the Binary Cross-Entropy, 𝑦𝑖is the 

ground-truth label, 𝑝𝑖is the predicted probability, and 𝑁is the 

total number of pixels. 

Dice loss, which emphasizes spatial overlap between 

predicted and reference masks, is given by equation (5): 

ℒDice = 1 −
2 𝑇𝑃

2 𝑇𝑃+𝐹𝑃+𝐹𝑁
   (5) 

Where 𝑇𝑃, 𝐹𝑃, and 𝐹𝑁denote true positives, false positives, 

and false negatives, respectively. 

The combined loss function used for model optimization is 

expressed as in equation 6: 

ℒ = 𝛼ℒBCE + (1 − 𝛼)ℒDice  (6) 

Where 𝛼controls the relative contribution of each loss 

component. Early stopping and model checkpointing were 

applied based on validation Dice performance to reduce 

overfitting. 

 

Post-Processing and Shoreline Vectorization 

The pixel-wise probability maps produced by the U-Net 

model were post-processed to generate continuous shoreline 

representations suitable for subsequent analysis. Post-

processing included thresholding the sigmoid output at 0.5 to 

obtain binary land–water masks, morphological operations to 

remove isolated pixels and small artifacts, and edge 

smoothing to reduce jagged boundaries caused by pixel-level 

predictions. The resulting binary masks were then vectorized 

into polylines using Python libraries (OpenCV and Shapely), 

enabling extraction of coastline coordinates and integration 

with further computational analyses. This fully Python-based 

workflow ensures reproducibility and allows the extracted 

shorelines to be readily used in visualization, spatial analysis, 

or other downstream applications. Binarization of probability 

maps was performed using equation (7): 

𝑀(𝑥) = {
1, 𝑃(𝑥) ≥ 0.5
0, 𝑃(𝑥) < 0.5

   (7)  
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Morphological opening and closing operations were applied 

to suppress isolated noise and smooth boundary irregularities 

in the binary segmentation outputs. Skeletonization was 

subsequently employed to reduce the segmented shoreline 

regions to a one-pixel-wide centerline, after which contour 

detection algorithms were used to extract continuous 

shoreline boundaries. 

Vectorization was carried out using Python-based libraries, 

including OpenCV and Shapely, resulting in polyline 

representations of the extracted shorelines. The vector outputs 

were saved in standard formats to support visualization and 

subsequent computational analysis, without implying 

positional accuracy or map-based validation. 

 

Performance Evaluation Metrics 

Model performance was assessed using Intersection over 

Union (IoU), as shown in equation (8): 

𝐼𝑜𝑈 =
|𝑀̑∩𝑀|

|𝑀̑∪𝑀|
=

𝑇𝑃

𝑇𝑃+𝐹𝑃+𝐹𝑁
   (8)  

Where: TP, FP, and FN denote true positives, false positives, 

and false negatives. 

Additional metrics including accuracy, precision, and recall 

were calculated using equations (9)-(11): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
   (9)  

𝑃𝑟 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (10) 

𝑅𝑒 𝑐 𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (11) 

 

Shoreline Change Quantification 

This study focuses on the development and evaluation of a 

deep learning–based shoreline extraction methodology and 

does not include multi-temporal shoreline change analysis. 

However, to demonstrate the extensibility of the proposed 

framework, a conceptual formulation for shoreline change 

quantification is briefly outlined. 

For potential future applications involving multi-date 

shoreline datasets, shoreline change between two epochs 

𝑡1and 𝑡2can be expressed as shown in equation 12: 

Δ𝑆 = 𝑆𝑡2
− 𝑆𝑡1

    (12) 

Where 𝑆𝑡1
and 𝑆𝑡2

represent shoreline positions at different 

times.  

Following vectorization, shoreline geometry may be 

represented as an ordered polyline of 𝑁points, with total 

shoreline length 𝐿computed using Euclidean distance 

represented by equation (13): 

𝐿 = ∑ √(𝑥𝑖+1 − 𝑥𝑖)
2 + (𝑦𝑖+1 − 𝑦𝑖)

2𝑁−1
𝑖=1  (13)  

 

RESULTS AND DISCUSSION 

Model Training, Validation, and Convergence Behaviour 

The U-Net model was trained using a dataset of 31 manually 

annotated high-resolution coastal images and corresponding 

land–water masks, with data augmentation applied to mitigate 

limitations associated with the relatively small sample size. 

Model training followed the configuration described in 

Section 2, and performance was evaluated using independent 

training and validation subsets. 

The learning curves for both accuracy and loss demonstrate a 

smooth and stable convergence pattern, with training and 

validation curves closely aligned throughout the training 

process. This behaviour indicates that the network 

successfully learned meaningful spatial and spectral 

representations of land–water boundaries without exhibiting 

significant overfitting. Such convergence stability is 

consistent with findings in deep learning–based shoreline 

extraction studies, where properly regularized U-Net 

architectures have been shown to generalize effectively even 

with limited training data (Liu et al., 2024; Santos et al., 

2025). 

 

 
Figure 4: Accuracy vs. Epoch (Training & Validation) & Loss vs. Epoch (Training & Validation) 

 

Quantitative evaluation on the validation dataset yielded an 

Accuracy of 98.63%, Precision of 83.58%, Recall of 81.75%, 

and an F1-score of 81.93%. While the high accuracy reflects 

overall classification performance, it is important to note that 

accuracy is influenced by class imbalance, as water pixels 

typically dominate coastal imagery. Consequently, metrics 

such as Precision, Recall, and F1-score provide a more 

reliable assessment of shoreline delineation performance. 

The relatively close agreement between Precision and Recall 

indicates that the model achieved a balanced trade-off 

between commission and omission errors. The achieved 

validation metrics are comparable with, and in some cases 

exceed, those reported in recent studies applying 

convolutional neural networks for shoreline extraction across 

diverse coastal environments (Santos et al., 2025; Mahmoud 

et al., 2025; Liu et al., 2024). This confirms that the proposed 

framework is capable of accurately delineating land–water 

boundaries under controlled validation conditions. 

 

Performance Under Testing and Environmental 

Variability 

To further assess model robustness, performance was 

evaluated on an independent test dataset representing a range 

of environmental conditions, including turbidity, shadowing, 

and complex shoreline geometries. 

Accuracy vs. Epoch (Training & Validation) & Loss vs. Epoch (Training & Validation) 
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On the test dataset, the model achieved an Accuracy of 

98.33%, Recall of 88.01%, Precision of 71.49%, and an F1-

score of 78.24%. The relatively high Recall indicates that the 

model effectively identified shoreline pixels across diverse 

environmental conditions, thereby minimizing omission 

errors and preserving shoreline continuity. This recall-

dominant behaviour is particularly advantageous in coastal 

monitoring applications, where missing shoreline segments 

can introduce significant uncertainties in shoreline change 

analysis and hazard assessment (Mahmoud et al., 2025; Dang 

et al., 2022). 

However, the comparatively lower Precision reflects the 

occurrence of false positive classifications, particularly in 

optically complex regions such as turbid nearshore waters, 

wet sand zones, and shadowed coastal areas. These 

environments reduce spectral contrast between land and water 

surfaces, thereby increasing classification uncertainty. 

Similar reductions in precision under heterogeneous coastal 

conditions have been widely reported in previous deep 

learning–based shoreline segmentation studies (Santos et al., 

2025; Dang et al., 2022). 

Despite this limitation, the impact of commission errors can 

be effectively mitigated through post-processing techniques 

such as morphological filtering, contour smoothing, and 

spatial regularization, as implemented in the present 

framework. Representative examples of shoreline 

segmentation outputs under varying environmental conditions 

are presented in Figure 5. 

 

 
Figure 5: Representative of Model Performance for Shoreline Detection 
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Comparative Performance across Training, Validation, 

and Testing 

A summary of performance metrics across training, 

validation, and testing phases is presented in Table 1. 

Accuracy values remained consistently above 98% across all 

phases, while F1-scores exceeded 78%, indicating stable and 

reliable model performance even under increasing data 

complexity. A gradual reduction in Precision and F1-score 

from training to testing is observed, which is expected due to 

the higher environmental variability present in real-world 

coastal imagery. 

Notably, Recall values remained relatively high across all 

datasets, reinforcing the recall-dominant behaviour of the 

model. This characteristic is considered desirable in shoreline 

extraction tasks, as preserving shoreline continuity is often 

more critical than minimizing false detections (Mahmoud et 

al., 2025; Dang et al., 2022). 

 

Table 1: Performance Metrics: Training, Validation, and Testing 

Metric Training (%) Validation (%) Testing (%) 

Accuracy 99.0 98.5 98.7 

Precision 81.6 78.2 81.21 

Recall 97.5 87.52 81.37 

F1-score 88.8 82.62 79.3 

Note: Metrics reported in Table 1 represent averaged values computed over all samples within each dataset, whereas values 

reported in Sections 3.1 and 3.2 correspond to the best-performing training epoch. 

 

When compared with traditional shoreline extraction 

approaches such as NDWI thresholding, edge detection 

algorithms, and classical machine learning classifiers, the 

proposed U-Net-based framework demonstrates clear 

methodological advantages. Conventional techniques often 

exhibit limited adaptability to spatial complexity, illumination 

variability, and sediment heterogeneity, typically achieving 

F1-scores in the range of 60–75% in optically complex coastal 

environments (Dang et al., 2022; Zhou et al., 2023). 

In contrast, the deep learning framework presented in this 

study consistently achieved F1-scores exceeding 78% on 

independent test data while maintaining strong shoreline 

continuity. This improvement can be attributed to the model’s 

ability to integrate spectral, spatial, and contextual 

information through hierarchical feature learning, enabling 

robust generalization beyond simple pixel-based 

thresholding. Similar performance gains have been reported 

in recent studies utilizing convolutional neural networks for 

shoreline and surface water extraction (Liu et al., 2024; 

Santos et al., 2025). 

 

Computational Efficiency and Practical Implications 

The computational efficiency of the proposed framework 

further enhances its applicability for large-scale coastal 

monitoring. The use of a lightweight U-Net architecture, 

combined with GPU-accelerated inference, enables rapid 

shoreline segmentation across large image collections. This 

scalability is essential for regional to continental-scale 

applications, particularly in the context of increasing coastal 

vulnerability driven by sea-level rise, storm impacts, and 

anthropogenic activities. 

Comparable operational advantages have been reported in 

recent real-time and near real-time deep learning–based 

shoreline extraction studies (Abujayyab, 2025; Santos et al., 

2025), highlighting the growing role of AI-driven approaches 

in coastal monitoring systems. 

 

Limitations and Future Research Directions 

Despite the promising results, several limitations should be 

acknowledged. First, the relatively small dataset size limits 

representation of diverse global shoreline morphologies and 

environmental conditions. Second, reliance on Google Earth 

imagery restricts access to sensor metadata and geometric 

calibration, which constrains positional accuracy and prevents 

rigorous geodetic validation. Third, the exclusive use of 

optical imagery makes the model sensitive to atmospheric 

effects, turbidity, and illumination variability. 

Future research should therefore focus on integrating larger 

and more diverse datasets, including multispectral and 

synthetic aperture radar (SAR) imagery, to improve 

robustness under challenging observational conditions. 

Additionally, incorporating cross-validation strategies and 

geodetically calibrated datasets would support more rigorous 

performance assessment and enable accurate multi-temporal 

shoreline change analysis. 

The findings of this study confirm that the proposed U-Net-

based semantic segmentation framework provides a reliable, 

efficient, and scalable solution for automated shoreline 

extraction. Its strong generalization capability, recall-

dominant performance, and compatibility with standard GIS 

workflows make it highly suitable for supporting large-scale 

coastal monitoring and environmental management 

initiatives. 

 

CONCLUSION 

This study presents a deep learning–based semantic 

segmentation framework for automated shoreline extraction 

from high-resolution optical imagery, employing a U-Net 

architecture optimized with data augmentation and a hybrid 

Dice–Binary Cross-Entropy loss function. The experimental 

results demonstrate consistently high segmentation accuracy 

across training, validation, and independent testing datasets, 

with overall accuracies exceeding 98% and robust F1-scores 

under diverse coastal imaging conditions. These findings 

confirm the effectiveness of convolutional neural networks in 

delineating complex land–water boundaries within 

heterogeneous coastal environments. 

Despite the limited dataset size, the model exhibited strong 

generalization capability and stable convergence behaviour, 

indicating successful learning of discriminative shoreline 

features. The recall-dominant performance observed under 

testing conditions ensured preservation of shoreline 

continuity, which is critically important for reliable coastal 

erosion and accretion assessment. Although reduced precision 

was observed in optically challenging environments 

characterized by turbid waters, wet sand reflectance, and 

shadow effects, these limitations are consistent with existing 

literature and can be effectively mitigated through post-

processing refinement and multi-sensor data integration. 

From an operational perspective, the proposed framework 

demonstrates high computational efficiency and scalability, 

enabling rapid shoreline mapping over extensive spatial 

domains. Compared with conventional threshold-based and 

edge-detection techniques, the deep learning–based approach 
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offers superior adaptability, robustness, and accuracy by 

jointly exploiting spectral and spatial contextual information. 

Furthermore, the compatibility of the framework with 

standard GIS workflows enhances its applicability for 

practical coastal monitoring, spatial analysis, and 

environmental management applications. 

In summary, the proposed U-Net-based segmentation 

framework provides a reliable, efficient, and reproducible 

solution for automated shoreline extraction using high-

resolution optical imagery. Future work should focus on 

extending the methodology to multi-temporal and multi-

sensor datasets, incorporating SAR and multispectral 

imagery, and implementing rigorous geodetic validation to 

support precise shoreline change detection and long-term 

coastal evolution studies. 
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