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 Coastlines are highly dynamic due to both natural processes and 

anthropogenic factors, including global warming and sea level rise. Accurate 

coastline segmentation is essential for effective monitoring and 

management. Although previous studies have applied deep learning for 

coastline detection, many existing models still suffer from instability across 

scenes, blurred boundaries, and segmentation artifacts, indicating that model 

generalization remains a challenge. This study aims to develop a more robust 

coastline segmentation approach by introducing an automated majority 

voting strategy that integrates three deep learning models: ResNet50, 

ResNet18, and MobileNet-V2. Landsat 8 OLI imagery is used for training 

and testing. The Jaccard index results show that ResNet18, ResNet50, and 

MobileNet-V2 achieved scores of 0.96, 0.98, and 0.95 respectively, while 

the proposed majority voting method also achieved 0.98. Despite the 

producing a similar numerical score to the best individual model 

(ResNet50), the ensemble method improves segmentation consistency by 

reducing artifacts such as unwanted peripheral shapes and cracks within land 

areas. These findings demonstrate that combining multiple segmentation 

outputs yields more stable and reliable coastline detection than using single 

models. Future work will apply this approach to broader Indonesian coastal 

regions to further assess its generalizability across diverse shoreline 

conditions. 
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1. INTRODUCTION 

Coastal areas are continuously changing due to abrasion, accretion, sea level rise, and anthropogenic 

pressures such as global warming and coastal development [1], [2]. Monitoring these changes is crucial for 

conservation, planning, and sustainable management. Remote sensing provides an efficient approach to 

detect coastline dynamics without direct field surveys. 

Landsat 8 OLI imagery has become widely used for coastline studies, supporting research on 

automatic land-sea segmentation [3], [4], machine learning approaches [3], [5], coastline extraction [6]–[9], 

and practical applications such as navigation and landing [10]–[12]. However, these methods continue to face 

difficulties in distinguishing land from water in scenes with strong spectral similarity, image noise, and low 

contrast. These limitations often reduce the precision and stability of resulting coastline boundaries. 

https://creativecommons.org/licenses/by-sa/4.0/
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Deep learning methods, particularly convolutional neural networks (CNNs), have demonstrated 

strong performance in image classification and segmentation tasks [1]. Several architectures, including 

encoder-decoder models [13]–[15], U-Net [16]–[18], bi-LSTM [19], ensemble learning [20], and MobileNet-

V2 [21], have been applied to coastline segmentation. Although these models improve feature extraction on 

low-resolution imagery [22]–[24], individual models still struggle to produce robust and artifact-free results 

across diverse coastal conditions. 

Ensemble approaches have been explored in previous studies and have show potential for improving 

segmentation consistency [5], [7]. In various domains such as medical imaging, remote sensing classification, 

and road extraction, ensemble deep learning through techniques like majority voting or feature level fusion 

has been demonstrated to enhance boundary precision and reduce noise related artifacts, particularly in cases 

with ambiguous or low contrast features. However, existing ensemble studies have not specifically evaluated 

the integration of ResNet50, ResNet18, and MobileNet-V2 for coastline segmentation, despite their 

effectiveness in other fields [25]. Moreover, no prior research has systematically tested majority voting 

ensembles for coastline segmentation using Landsat 8 OLI, leaving a gap in understanding whether 

combining multiple models can mitigate boundary noise and improve robustness across diverse shoreline 

conditions. 

To address this gap, this study proposes an automated coastline segmentation method based on a 

majority voting strategy that integrates ResNet50, ResNet18, and MobileNet-V2. The aim is to enhance 

segmentation reliability by reducing artifacts and producing more consistent coastline boundaries than those 

generated by individual deep learning models. This approach is expected to offer a more stable alternative for 

operational coastline monitoring. 

 

 

2. RESEARCH METHOD 

2.1.  Dataset 

This study uses a publicly available dataset from research [7], accessible at 

http://www.remotesensinglab.yildiz.edu.tr. From this dataset, 824 images were selected for training and 20 

images for testing. Each image has a resolution of 224 × 224 pixels, with white pixels representing seawater 

and black pixels representing land. The dataset is derived from Landsat 8 OLI imagery, which provides 

multispectral, atmospherically corrected, and temporally consistent data suitable for coastline extraction. The 

use of Landsat imagery is particularly significant because its global coverage and long-term continuity 

support reproducible and scalable coastline monitoring. Before model training, several preprocessing steps 

were applied, including resizing all images to a uniform resolution and ensuring consistent alignment 

between input images and ground-truth masks. No additional enhancement techniques, such as histogram 

equalization or noise filtering, were used to preserve the original spectral characteristics of coastal 

boundaries. 

 

2.2.  Proposed method 

The selection of ResNet50, ResNet18, and MobileNet-V2 was based on their balance of accuracy, 

computational efficiency, and proven effectiveness in transfer learning applications. ResNet architectures 

were chosen because their residual connections help mitigate the vanishing gradient problem and enable 

deeper feature extraction. MobileNet-V2 was included as a lightweight alternative designed for efficient 

computation. Although other transfer learning CNNs such as VGG and DenseNet are available, this study 

focuses on evaluating representative heavy, medium, and lightweight architectures to analyze their behavior 

within an ensemble. Future studies may incorporate additional TL-CNNs to expand the comparative analysis. 

ResNet50 is a 50-layer convolutional neural network pretrained on ImageNet and capable of 

classifying images into 1000 object categories, allowing it to learn rich and transferable feature 

representations [13]. ResNet18 is a smaller 18-layer version that retains the residual learning mechanism but 

with fewer parameters, also benefiting from ImageNet pretraining to support robust feature extraction [13]. 

MobileNet-V2 is a 53-layer lightweight CNN based on inverted residual blocks and depthwise separable 

convolutions, and its pretrained ImageNet weights enable effective generalization to new image segmentation 

tasks [13]. All pretrained models thus leverage ImageNet-based initialization to improve convergence and 

performance. This research proposes a coastline segmentation method that distinguishes seawater and land 

using deep learning convolutional neural networks, following the approach introduced in study [7]. In that 

study, the WaterNet model combined outputs from several deep learning segmentation architectures. 

Similarly, the present work applies an ensemble strategy by combining the segmentation results of ResNet50, 

ResNet18, and MobileNet-V2 using a majority voting mechanism, where the final class for each pixel is 

determined by the most frequent prediction among the three models. Figure 1 illustrates the proposed 

segmentation workflow. 
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Model performance is evaluated using the Jaccard Similarity Coefficient, as shown in (1). In this 

equation, A represents the predicted segmentation mask produced by the model, and B represents the ground-

truth label. This metric quantifies the overlap between prediction and reference and is widely used in 

semantic segmentation tasks. 
 

 

 
 

Figure 1. Segmentation process diagram 

 

 

𝐽𝑎𝑐(𝐴, 𝐵) =
|𝐴∩𝐵|

|𝐴∪𝐵|
 (1) 

 

Based on Figure 1, the model development process begins with training three deep learning 

architectures ResNet50, ResNet18, and MobileNet-V2 using 824 satellite images. The performance of each 

model was then evaluated using 20 test images to analyze their segmentation behavior. For each test image, 

the outputs produced by the three models were recorded, and majority voting was applied at the pixel level to 

generate the final segmentation result (2). Figure 2 illustrates the workflow of this majority voting process. 

 

 

 
 

Figure 2. Majority voting segmentation flowchart 
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The segmentation task consists of two classes: 0 for land and 1 for seawater. In (2), H represents the 

final predicted label for each pixel after the voting process. Majority voting determines the pixel class based 

on the most frequent prediction among the three models, thereby reducing noise-related errors by leveraging 

the collective agreement of multiple classifiers. 
 

𝐻 = {
1𝑖𝑓 𝑚𝑎𝑥 𝑐 𝑙𝑎𝑠𝑠1𝑡𝑜𝑝𝑖𝑥𝑒𝑙𝑖

0𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
} (2) 

 

 

3. RESULTS AND DISCUSSION 

This study trained a total of 824 satellite images using three deep learning models: ResNet50, 

ResNet18, and MobileNet-V2. All models were trained using identical hyperparameters, including a learning 

rate (α) of 0.001, the stochastic gradient descent with momentum (SGDM) optimizer, and 40 epochs. Each 

model was trained three times to ensure stability and consistency of results. The average loss and accuracy 

obtained from these training sessions are summarized in Table 1, which shows that ResNet50 achieved the 

lowest loss value (0.014) and the highest accuracy (99.48%), indicating superior performance compared with 

ResNet18 and MobileNet-V2. 
 
 

Table 1. Evaluation of the training process 
No Model Loss Accuracy (%) 

1 ResNet50 0.014 99.48 

2 ResNet18 0.016 99.38 

3 MobileNet-V2 0.035 98.76 

 

 

Figure 3 illustrates the training process for each deep learning model: Figure 3(a) ResNet50,  

Figure 3(b) ResNet18, and Figure 3(c) MobileNet-V2. These curves show changes in loss and accuracy 

across 40 epochs. Although the number of iterations varies depending on dataset size, the accuracy tends to 

stabilize after approximately 200 iterations, with minimal differences beyond that point. This pattern 

demonstrates that the models converge effectively within the given training configuration. 

The coastline segmentation results produced by the deep learning models (ResNet50, ResNet18, and 

MobileNet-V2) are presented sequentially in Table 2. In this study, the Jaccard Similarity Index was used to 

quantify the similarity between the predicted segmentation and the ground-truth images, where values range 

from 0 to 1 and values closer to 1 indicate higher similarity. The segmentation results produced using the 

majority voting approach are shown in Table 3, while the Jaccard values for each individual model and the 

ensemble method are summarized in Table 4.  

The majority voting method combines the outputs of all models with the aim of minimizing errors; 

models with higher accuracy can compensate for those with lower performance, resulting in more stable 

predictions. In this case, the ensemble output produced results that were not significantly different from 

ResNet50 for images 2, 3, 4, and 5. Although the Jaccard Similarity Index is a powerful evaluation metric, it 

has the limitation of being less sensitive to variations in set size, which should be considered when 

interpreting the results. 

Based on the segmentation results of Images 1-3 in Table 2, each deep learning model exhibits 

specific weaknesses. The ResNet50 model produces additional boundary lines, indicating that its 

segmentation is not fully accurate. The ResNet18 model shows small holes and line artifacts in Images 1 and 

2, suggesting instability in distinguishing land areas. Similarly, the MobileNet-V2 model generates line 

artifacts and missing land regions in Image 1, while Images 2 and 3 contain small holes, indicating that this 

model has a tendency to create gaps within land areas. 

Because each individual model (ResNet50, ResNet18, and MobileNet-V2) produces different types 

of artifacts such as unwanted lines and holes some of these imperfections still appear in the majority voting 

results. However, the ensemble approach generally reduces these errors by combining the strengths of all 

three models. For example, although some line artifacts remain in Images 1 and 2 in Table 3, their number 

and prominence are reduced compared to the results produced by the individual models. 

Table 3 presents five examples of Landsat 8 OLI input images along with their corresponding labels 

(black representing land and white representing sea). These images were segmented using the majority voting 

method, where the outputs from ResNet50, ResNet18, and MobileNet-V2 are combined to determine the 

final prediction. Overall, the majority voting method shows good average performance; however, 

segmentation quality decreases when the input image contains darker water regions or complex sea-land 

interactions. In such cases especially when the sea extends into the land area the ensemble method may still 

produce gaps or less accurate boundaries. 
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(c) 

 

Figure 3. Training process (a) ResNet50, (b) ResNet18, and (c) MobileNet-V2 

 

 

Based on Table 4, the Jaccard values of ResNet50 and the majority voting model are identical, 

indicating that the ensemble method closely mirrors the performance of the strongest individual model. 

Majority voting offers an advantage by reducing artifacts such as small holes or line distortions that 

commonly appear in single-model predictions, although this improvement requires higher computational cost 

because multiple models must be processed before voting is applied.  

When compared with previous studies, the performance of the proposed method is generally 

comparable. For example, the WaterNet ensemble system in [5] achieved exceptionally high IoU and F1-

scores of 99.59% and 99.79%, respectively, using a combination of U-Net variants, FC-DenseNet, and 

Pix2Pix. Similarly, the comparative framework in [6] reported mean IoU values above 92% when evaluating 

multiple state-of-the-art DCNN architectures for sea land segmentation.  

Although the Jaccard values in this study are slightly lower, the findings demonstrate that a 

lightweight ensemble composed of ResNet50, ResNet18, and MobileNet-V2 can still produce competitive 

and consistent segmentation, particularly in reducing boundary noise and improving coastline stability. Thus, 

majority voting remains a viable alternative for scenarios that require robust segmentation with limited model 

complexity. 
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Table 2. Segmentation results 

No Input Ground truth (label) 
Result model 

ResNet50 
Result model 

ResNet18 
Result model 

MobileNet-V2 

1 

     

2 

     

3 

     

4 

     

5 

     

 

 

Table 3. Majority voting segmentation results 
No Input Ground truth (label) Result majority voting 

1 

   

2 

   

3 

   

4 

   

5 
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This study has several limitations. First, the dataset size is relatively small and restricted to a 

specific geographic region, which may affect the model’s generalizability to different coastline conditions. 

Second, the model was trained exclusively on Landsat 8 OLI imagery, leaving its performance across other 

sensors (e.g., Sentinel-2, PlanetScope) unverified. Third, the majority voting ensemble increases 

computational cost compared with single-model approaches. Addressing these limitations will be the focus of 

future research. 
 

 

Table 4. Model evaluation performance Jaccard 
No Model Average 

1 ResNet50 0.98 

2 ResNet18 0.96 

3 MobileNet-V2 0.95 
4 Majority Voting (ResNet50, ResNet18, MobileNet-V2) 0.98 

 

 

4. CONCLUSION 

This study introduced an ensemble-based coastline segmentation approach that integrates ResNet50, 

ResNet18, and MobileNet-V2 using a majority voting strategy. The findings show that this ensemble provides 

more stable and consistent coastline boundaries than individual models, particularly by reducing boundary 

noise and minimizing artifacts such as small holes or line distortions. These results highlight the potential of 

lightweight ensembles for improving the robustness of coastline extraction in remote sensing applications. 

However, this study has several limitations. The dataset size is relatively small and limited to a 

specific geographic region, which may restrict model generalizability. In addition, the experiments were 

conducted exclusively on Landsat 8 OLI imagery, leaving performance across other satellite sensors untested. 

The ensemble method also increases computational cost compared with single-model implementations.  

Future research should therefore expand the dataset to include multiple regions, evaluate the model 

across different satellite sensors (e.g., Sentinel-2, PlanetScope), and investigate more efficient ensemble 

strategies. Applying the method to additional benchmark datasets or newly labeled coastal imagery will also 

help assess its adaptability to diverse shoreline conditions. 
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