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Abstract. For safe navigation of ships, it is essential to accurately detect and continuously track
surrounding obstacles. The horizon, serving as the boundary between the sky and the sea, plays a crucial role
in enabling ships to maintain precise routes and effectively assess the positions of obstacles. Reliable horizon
detection is, therefore, highly significant. Conventional horizon detection methods, such as the Hough
transform and edge-based approaches, have shown good performance in relatively simple environments.
However, their accuracy significantly decreases in realistic maritime environments, which involve complex
factors such as terrain, obstacles, and reflections. To address these limitations, this study proposes a novel
horizon detection method that fine-tunes the SAM (Segment Anything Model), a deep learning model
specifically designed for maritime images. An efficient adapter-based fine-tuning technique was
implemented on the SAM’s mask decoder, enabling the model to effectively learn the distinct visual and
structural characteristics of maritime environments. Experimental evaluations demonstrated that the method
combining the SAM fine-tuning with the vertical edge response approach achieved superior performance,
significantly reducing height error and slope error by an average of 75.58% and 70.17%, respectively, even
in highly complex environments. These findings highlight the superior accuracy and robustness of the
proposed method, indicating its substantial potential for practical applications in autonomous navigation
systems and enhanced maritime safety.

Keywords: autonomous ship; fine-tuning; horizon detection; maritime obstacle detection; SAM
(Segment Anything Model)

1. Introduction
1.1 Research background

For ships to navigate safely, it is crucial to accurately perceive their surroundings and swiftly
detect and track potential obstacles. In particular, the capability to identify other ships or fixed
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structures at an early stage and continuously track their positions is essential for collision
avoidance at sea (Zhang et al. 2021). Since maritime collisions can result in significant loss of life
and property, technologies that enable rapid identification and immediate response to potential
hazards are urgently required. To address these requirements, significant advancements have been
made in smart ship technologies, particularly in autonomous navigation systems, leading to
increased interest in USVs (Unmanned Surface Vessels). Autonomous navigation systems
continuously monitor their surroundings, utilizing various sensors to detect risks proactively and
respond swiftly (Lee et al. 2023, Kim et al. 2024). Specifically, recent studies have extensively
explored camera-based obstacle detection methods using onboard cameras (Lee et al. 2021, et al.
2024). Cameras are favored for maritime monitoring and obstacle detection due to their ease of
installation, low maintenance, and cost-effective performance. Moreover, real-time video analysis
offers high accessibility and rapid information acquisition in diverse maritime environments.
Consequently, camera-based obstacle detection methods effectively complement the advantages
and disadvantages of existing sensors, significantly enhancing maritime navigation safety.

For camera-based obstacle detection methods to operate effectively, precise horizon detection,
which serves as a critical reference point in maritime imagery, is essential. In maritime images, the
horizon serves as the boundary between the sky and the sea, playing a crucial role in localizing the
positions of obstacles and other ships. Conventional horizon detection methods, typically
employing traditional computer vision algorithms such as edge detection and the Hough transform,
perform well in simple maritime environments. However, real-world maritime environments often
feature terrain or obstacles that partially overlap the horizon, posing challenges to these methods
and increasing the likelihood of false positives and missed detections (Zardoua et al. 2024).
Therefore, it is essential to develop more advanced and robust methods for horizon detection.

Recently, with the rapid advancement of deep learning in image processing, methods based on
deep learning that deliver superior performance across diverse maritime environments have been
actively investigated. Notably, SAM (Segment Anything Model) has emerged as a state-of-the-art
deep learning model in segmentation, demonstrating exceptional performance and robustness. It is
recognized as a promising tool for effectively processing images under complex and various
maritime environments (Kirillov ef al. 2023). This study proposes an enhanced horizon detection
method based on the SAM, aiming to address the limitations of conventional horizon detection
methods. In particular, the goal is to achieve accurate and reliable horizon detection even in
realistic and complex environments where terrain or obstacles overlap the horizon. This method is
anticipated to substantially enhance maritime navigation safety by improving the localization and
tracking accuracy of both obstacles and ships, thereby contributing to safer maritime traffic
environments

1.2 Related works

Horizon detection is a fundamental and essential task for ensuring navigation safety and
effective obstacle localization in maritime environments. Extensive research has been conducted in
this area for many years. Previous studies have primarily focused on edge-based methods for
extracting or classifying horizon edges. A summary of these studies is presented in Table 1 below.

Aggarwal and Karl (2006) proposed an effective horizon detection method utilizing a
regularized Hough transform. Gershikov (2013) detected the horizon by analyzing strong vertical
edge responses using a vertical edge response method. These conventional methods offer
simplicity and intuitive computations but exhibit significant limitations in detection accuracy
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Table 1 Comparison of the related works with this study

Extraction method of horizon  Classification method of

Related works Segmentation edges horizon edges
Aggarwal and Karl (2006) No No Hough transform
Gershikov (2013) No No Vertical edge response
Fefilatyev et al. (2006) No Hough transform Machine learning approach
Ahmad et al. (2013) No Machine learning (SVM)  Machine learning approach
Jeong et al. (2018) No Deep learning (NN) Regional approach
Kuanar ef al. (2022) No Deep learning (CNN) Hough transform
This study Yes Deep learning Vertical edge response

(SAM fine-tuning)

under complex maritime environments. To address these limitations, Fefilatyev et al. (2006)
combined machine learning methods with the Hough transform, improving overall detection
accuracy. Ahmad et al. (2013) introduced a local feature-based horizon detection method using
SVM (Support Vector Machines), achieving superior detection accuracy compared to conventional
methods. However, this method encountered issues such as complicated parameter settings and
high computational costs during feature extraction, making real-time detection infeasible. To
further enhance robustness and reduce complexity, recent studies have actively investigated deep
learning-based horizon detection methods that can automatically extract complex features and
offer superior generalization performance. Jeong et al. (2018) proposed a neural network-based
method utilizing a regional approach for horizon detection. Additionally, Kuanar et al. (2022)
effectively detected horizons in nighttime images using a multi-path dilated CNN (Convolutional
Neural Network). Nonetheless, further improvements in detection accuracy remain necessary,
particularly for complex maritime environments.

In summary, previous studies have demonstrated limited performance in realistic maritime
environments involving fog, waves, and obstacles, primarily due to their reliance on image
processing and deep learning models tailored for specific environments. To overcome these
limitations, this study proposes an advanced horizon detection method based on the recently
developed SAM, renowned for its superior performance and robustness. The proposed method
achieved highly accurate horizon detection even under complex maritime environments, offering
practical applicability in real-world maritime navigation systems

1.3 Overall process of the proposed method

The method proposed in this study comprises three main stages: data preprocessing, deep
learning-based horizon edge detection, and horizon edge classification. The overall process of
these stages is summarized in Fig. 1, with detailed descriptions provided below.

The first stage involves data preprocessing. In this step, labeled data is used to calculate
horizon points that precisely indicate the location of the horizon. These computed horizon points
are subsequently employed to generate corresponding mask images automatically. This process is
uniformly applied across the entire dataset, efficiently producing mask images for all input images.
This preprocessing stage ensures optimal input data quality for training the deep learning model.
The second stage focuses on deep learning-based horizon edge detection. In this study, SAM
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Fig. 1 Overall process of this study

undergoes fine-tuning using images captured in realistic maritime environments, along with binary
masks that distinguish the sky and sea regions. Through this fine-tuning technique, the SAM
effectively learns maritime-specific visual features, enabling accurate and stable detection of
horizon edge information even under challenging environments, such as complex backgrounds and
varying illumination. The third stage involves horizon edge classification. Based on the mask
images generated by SAM fine-tuning, this stage clearly identifies and classifies horizon edges,
ultimately determining the precise location of the horizon. Here, mathematical analysis methods
are employed to evaluate structural information in mask images quantitatively, systematically
deriving the horizon through a structured, step-by-step algorithm.

2. Data preprocessing

This study aims to accurately detect horizons in maritime images and effectively localize the
positions of other ships using deep learning-based methods. Deep learning-based image processing
typically requires large-scale datasets for model training. However, collecting datasets related to
ship navigation in real maritime environments is a practical challenge. Therefore, researchers often
utilize publicly available datasets for model training and performance evaluation.

In this study, we utilized SMD (Singapore Maritime Dataset) published by Prasad et al. (2017).
The SMD comprises 81 videos recorded from July 2015 to May 2016 across various locations,
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Fig. 2 Example image of the SMD (Prasad et al. 2017)

routes, and periods in Singapore. All videos were captured using a Canon 70D camera with a
resolution of 1080 x 1920 pixels. The dataset is categorized into two groups: videos recorded from
shore (onshore) and videos recorded onboard ships (onboard). For this research, we specifically
selected onboard videos, as these more closely resemble actual maritime navigation environments.
Frames extracted from these onboard videos were subsequently used as training data. An example
of the utilized SMD is illustrated in Fig. 2.

SMD includes images captured across diverse maritime environments along with
corresponding labeling information. This dataset encompasses a diverse range of weather
conditions, illumination changes, wave heights, and ships of varying sizes and shapes.
Consequently, it is particularly suitable for image analysis and training deep learning models
specialized for maritime environments. SMD comprises a total of 51 maritime videos containing
over 33,440 individual images. Each image provides labeled information in the form of bounding
boxes indicating the pixel locations of other ships, as well as ground-truth horizon data marking
the boundary between the sky and the sea. Notably, for the specific horizon detection problem
addressed in this study, these precisely labeled horizon positions serve as a reliable reference for
model training and performance evaluation. For each frame, the dataset provides two horizon
points in XML format (structXML), clearly representing the location of the horizon and the
direction vector. This direction vector is defined as a unit vector that describes the slope of the
horizon and its orientation through cosine and sine values. In this study, labeled information was
utilized to generate mask images accurately reflecting the location of the horizon. Specifically, for
each frame, the two horizon points where the horizon intersects the left and right image boundaries
were calculated using the provided center coordinates (X, Y) and the direction unit vector (cose,
sine). Mathematically derived intersection points between the horizon direction vector and the left
and right image boundaries were computed for precise horizon positioning. An example of the
calculated horizon points is illustrated in Fig. 3.

Subsequently, binary mask images were generated based on the straight line connecting the two
calculated horizon points. In these masks, pixels corresponding to the sky region above the horizon
were assigned a value of 0. In contrast, pixels corresponding to the sea region below the horizon
were assigned a value of 1. In this study, an automated algorithm was implemented to generate
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Fig. 3 Computation of horizon points from the labeled data

Sea

Fig. 4 Generated binary mask image for horizon detection

masks efficiently, applying the procedure uniformly across all images in the dataset. This allowed
mask data to be collected systematically and effectively. An example of the generated binary mask
images is presented in Fig. 4.

3. Deep learning-based horizon edge detection
3.1 Overview of the SAM (Segment Anything Model)

SAM is a general-purpose image segmentation model developed by Meta Al Research (Kirillov
et al. 2023). Utilizing user-provided prompts in the form of points, boxes, or masks, SAM
accurately segments a wide variety of images without requiring additional training. The model is
pretrained on the SA-1B (Segment Anything 1 Billion) dataset, comprising 1.1 billion masks and



An improved method of detecting the horizon for tracking maritime obstacles 225

11 million images, enabling it to perform robust zero-shot segmentation even on novel data not
encountered during training. While conventional image segmentation models are typically trained
on specific tasks or datasets, limiting their adaptability, SAM demonstrates strong generalization
capabilities driven by extensive pretraining on a large-scale image dataset.

SAM consists of three primary components: an image encoder, a prompt encoder, and a mask
decoder. The image encoder, based on a pretrained ViT (Vision Transformer), efficiently extracts
both global image context and detailed features, enabling it to effectively distinguish objects from
the background (Vaswani et al. 2017, Dosovitskiy et al. 2021). ViT partitions images into small
patches, treating each patch as an independent token, and learns relationships between the tokens
using a self-attention mechanism. This enables SAM to accurately comprehend both the global
context and the detailed characteristics of objects, including their shape and position. The prompt
encoder converts user-provided prompts into spatial embeddings indicating object locations within
the image. Prompts can be given in various forms, such as points, boxes, or text, and are translated
into spatial vector representations that are passed to the mask decoder. SAM can effectively
interact with a wide range of user interfaces. Finally, the mask decoder combines visual features
extracted by the image encoder with spatial embeddings from the prompt encoder to generate the
final segmentation masks. The decoder progressively refines masks through multiple decoding
stages, clearly delineating boundaries between objects and the background.

Recently, SAM has demonstrated outstanding performance in diverse application domains,
including medical image analysis (Zhang et al. 2024), autonomous driving systems (Zhang et al.
2023), and drone imagery analysis (Shahraki et al. 2025). In maritime image analysis, SAM is also
evaluated as an effective tool. The prompt-based approach of SAM enables precise and robust
horizon edge detection, overcoming limitations of conventional methods in complex maritime
environments, such as varying illumination and complex backgrounds. Using minimal prompts,
SAM produces highly accurate horizon segmentation masks, significantly enhancing the precision
of maritime obstacle localization.

3.2 Fine-tuning of the SAM for horizon detection

3.2.1 Limitations of the pretrained SAM for maritime horizon detection

The pretrained SAM, designed as a general-purpose segmentation model, exhibits excellent
performance on diverse images. However, it presents several fundamental limitations when
directly applied to maritime environments. Specifically, horizons in maritime images have
distinctive structural and visual characteristics. Consequently, using the pretrained SAM without
modification often results in reduced accuracy and unstable masks when detecting horizon edges.
These limitations of the pretrained SAM are illustrated in Fig. 5.

First, horizons in maritime images typically exhibit simple and consistent structures, often
appearing as straight or gently curved lines. In contrast, the images primarily learned by SAM
include multi-dimensional features, such as complex shapes, irregular contours, and diverse
textures and colors associated with people and various objects. Due to these inherent differences,
the simple horizon structure may not align well with the complex, detail-oriented feature
extraction approach of SAM. As a result, SAM frequently demonstrates lower accuracy when
segmenting horizons in maritime images, significantly reducing the reliability of horizon detection.
Second, maritime environments frequently present various visual challenges, such as fog, waves,
and intense sunlight reflections, making horizon boundaries ambiguous or irregular. Consequently,
horizons often lack clear, distinct edges. SAM, trained primarily on objects with clearly defined
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Fig. 5 Limitations of the pretrained SAM for maritime horizon detection

boundaries, struggles to accurately detect horizons characterized by blurred or indistinct edges.
Third, horizons represent global boundaries separating the sky from the sea within the entire image.
Here, global information refers to the overall structure or contextual meaning of the image as a
whole, whereas local information pertains to detailed features or textures within specific regions.
Since SAM primarily focuses on detailed, local features during its training, it may not effectively
utilize contextual, global structural information. Consequently, its performance becomes limited in
segmentation tasks such as horizon detection, where understanding the global structure and overall
context is crucial.

3.2.2 Fine-tuning and application to maritime horizon detection

In this study, we determined that domain adaptation of SAM, specifically tailored for horizon
detection, is essential given the distinct characteristics of maritime images. Previous studies, such
as those by Jebari et al. (2025), have also highlighted significant improvements achieved by
employing fine-tuning techniques specifically tailored to maritime applications. They
demonstrated that fine-tuning models effectively address domain-specific challenges, resulting in
enhanced performance and robustness in maritime tasks. To achieve this, we employed the
fine-tuning technique that maintains the SAM’s original architecture while providing additional
training focused on reliably distinguishing the characteristic visual information, boundaries, and
positional patterns of maritime horizons. This fine-tuning process is illustrated in Fig. 6.

The fine-tuning technique for SAM employed in this study was designed based on a
comprehensive comparative study conducted previously (Gu et al., 2025). In that research, various
fine-tuning techniques were evaluated using medical imaging data, among which the PEFT
(Parameter-Efficient Fine-Tuning) technique demonstrated superior efficiency and performance.
Based on these findings, this study conducted fine-tuning exclusively on the mask decoder of
SAM by employing an adapter-based fine-tuning technique.

As described in Section 3.1, SAM comprises three main components: an image encoder, a
prompt encoder, and a mask decoder. To facilitate automatic horizon detection, we modified the
SAM’s structure by removing the prompt encoder, enabling the SAM to generate segmentation
masks automatically without user-supplied prompts. Generally, the prompt encoder identifies
object locations based on spatial hints such as user-specified points, boxes, or masks. However, as
the goal of this study was to achieve fully automated horizon detection without manual
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Fig. 6 Fine-tuning process of the SAM for maritime horizon detection

intervention, we substituted these spatial hints with dummy inputs (None), thereby allowing the
SAM to generate masks directly from the input images autonomously. For the training data, we
utilized the SMD, as previously described in Section 2, which provides paired sets of original
maritime images and corresponding binary masks indicating horizon regions. In total, 33,400
images from the SMD dataset were randomly divided into training, validation, and test sets at an
8:1:1 ratio. The random splitting was performed to ensure that no data leakage occurred between
these subsets. The input images were resized to a resolution of 1024 x 1024 pixels, as per the
SAM’s input specifications, and single-channel grayscale images were converted to RGB format.
Output masks were downsampled to a resolution of 256 x 256 pixels to enhance computational
efficiency.

In this study, the image encoder of SAM, which had already effectively learned visual feature
extraction capabilities from general image datasets, remained frozen during the fine-tuning
process. Fine-tuning was exclusively applied to the mask decoder, utilizing the ViT-B (Vision
Transformer-Base) backbone due to its balanced performance and computational efficiency,
making it well-suited for maritime horizon detection tasks. The adapter-based fine-tuning
technique involves adding two lightweight MLP (Multi-Layer Perceptron) modules within each
Transformer block, thereby limiting additional parameter updates to only a small fraction of the
overall model. Specifically, the adapter modules were inserted after attention and MLP blocks
within the mask decoder, as illustrated in Fig. 7. Consequently, only approximately 0.14% of the
total parameters required additional training. The adapter-based fine-tuning technique was chosen
over alternatives such as full model fine-tuning and LoRA (Low-Rank Adaptation; Hu et al. 2022)
due to its optimal balance of computational efficiency and stability. Unlike full model fine-tuning,
it minimizes computational overhead and the risk of catastrophic forgetting. Compared to LoRA,
adapters integrate more naturally into Transformer structures, effectively capturing
maritime-specific features with fewer parameters. This technique effectively prevents common
problems encountered during fine-tuning, such as model collapse, where the model repeatedly
converges to limited outputs, and catastrophic forgetting, where previously learned essential
information is lost. Thus, the proposed method enables efficient and stable domain adaptation.
During the training process, a combination of cross-entropy loss and dice loss was used as the
objective function. The AdamW optimizer was employed, with a learning rate of 0.001 and a
weight decay of 0.1. The maximum number of training epochs was set at 200, and model
performance on the validation dataset was evaluated every 100 iterations. Early stopping was
applied when validation performance ceased to improve, effectively preventing overfitting.
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Additionally, model states were periodically saved throughout the training process to facilitate
further evaluation and subsequent experimentation.

The fine-tuning technique proposed in this study enabled SAM to effectively learn the global
and continuous boundary patterns characteristic of maritime horizons, significantly enhancing
detection accuracy and stability, which were previously difficult to achieve with the original
model. Consequently, this technique is anticipated to provide a robust foundation for practical
applications such as horizon edge classification and maritime obstacle tracking.

4. Horizon edge classification

The binary mask produced by SAM fine-tuning effectively distinguishes the sky and the sea
regions within an image. However, the horizon is not merely a set of pixels but must be clearly
defined as a continuous and structurally consistent boundary line. Consequently, further analysis
and processing are necessary to identify the precise location and shape of the horizon accurately.
In this study, three post-processing methods were applied to quantitatively determine the position
of the horizon from the binary masks generated by SAM fine-tuning. Firstly, a Hough transform
method was employed to detect the strongest straight line across the entire image, identifying
potential horizon candidates. Secondly, a regional approach method utilizing texture statistics
differences between the sky and the sea was applied, partitioning the mask vertically to estimate
the horizon. Lastly, a vertical edge response method was employed, analyzing the strongest
vertical gradient response in each column and approximating the horizon using the
RANSAC (RANdom SAmple Consensus) regression.
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These three methods evaluate the horizon edge candidates using different image-processing
principles, structurally organizing the extracted edge information into a linear horizon model.
Variations in method performance were observed depending on environmental factors such as
image brightness variation, edge clarity, and horizon curvature. By comparatively analyzing these
methods, this study aimed to propose the most effective horizon detection method applicable to
diverse maritime environments.

4.1 Hough transform method

The Hough transform method is a widely used image-processing method that detects specific
shapes, notably straight lines, within images (Duda and Hart 1972). In this study, the Hough
transform method was specifically utilized to identify and extract the straight-line structure
representing the horizon effectively. The fundamental principle involves initially converting the
edge pixel information from the image into a polar coordinate space. Within this coordinate space,
lines are represented by two parameters: p, which indicates the perpendicular distance from the
origin to the line, and 6, the angle between the x-axis and the line. In this polar coordinate space,
each edge pixel contributes to multiple potential line candidates, forming an accumulator space. A
voting mechanism accumulates these contributions, with each edge pixel adding votes to potential
line candidates. The line with the highest accumulated votes is considered the most prominent and,
therefore, the strongest candidate for the horizon. Subsequently, two points (x1, y1) and (x2, »2),
representing the identified horizon at the left and right image boundaries, are calculated using the
parameters (p, 6). These points are then connected to visually represent the horizon within the
image clearly. This method is highly effective in simple environments where the horizon is
distinctly visible and unobstructed. However, in more complex maritime environments with
multiple linear structures or less defined edges, the method may lead to false detections or
inaccuracies.

4.2 Regional approach method

The regional approach method detects the horizon by analyzing the texture and brightness
characteristics of specific regions within an image (Jeong et al. 2018a). This method is particularly
effective in complex environments where the horizon appears indistinct or curved. The regional
approach involves several sequential steps. Initially, the image is vertically partitioned into
multiple subregions. Texture analysis, which quantitatively evaluates visual attributes such as
surface textures and patterns, is conducted for each subregion to identify boundaries separating the
sky and the sea. Typically, the sea region exhibits various textures due to structural complexities
like waves or ships, whereas the sky region generally displays uniform and smoother textures.
Determining the boundary between the sky and the sea in each subregion involves calculating
statistical texture attributes, including contrast and brightness. These attributes enable the
establishment of thresholds that clearly distinguish the sky and sea regions. Initially, a Canny edge
detection algorithm is applied to the mask image to identify edge structures effectively (Ding and
Goshtasby 2001). Canny edge detection is an image processing technique that detects edges by
identifying regions with significant changes in brightness. Subsequently, the detected edges are
segmented vertically. For each segment, GLCM (Gray-Level Co-occurrence Matrix) is computed
to analyze the spatial correlation of pixel intensity values, thus extracting detailed texture
characteristics. From these computations, texture contrast values are derived, and texture weights



230 Yun-Sik Kim, Myung-Il Roh, Ha-Yun Kim and In-Chang Yeo

are calculated based on mean brightness and structural complexity. These derived weights
effectively distinguish between the sky and the sea regions, clearly defining their boundary
positions within each subregion. Finally, the boundary positions from each subregion are
interconnected to form a continuous and coherent horizon throughout the entire image. Additional
continuity-focused post-processing steps refine the horizon further, addressing any indistinct or
distorted boundaries. The regional approach method incrementally detects the horizon, considering
the entire image structure, thus showcasing different strengths compared to global methods such as
the Hough transform method. Nevertheless, the performance of the method may decline in
maritime environments where texture differences are subtle or where illumination conditions vary
significantly within the image.

4.3 Vertical edge response method

The vertical edge response method detects the horizon by analyzing the magnitude of the
vertical gradient within the image. This method is particularly effective because the horizon
typically represents a clear boundary between the sky and the sea, characterized by significant
changes in pixel intensities. Consequently, locations exhibiting high vertical gradient magnitudes
in the binary mask image can be candidates for the horizon. The procedure of this method includes
several steps. Initially, preprocessing is applied to the input image using a Gaussian blur filter. The
Gaussian blur smooths out intensity variations between pixels, effectively reducing noise and
clarifying edge structures. This preprocessing step minimizes the likelihood of falsely detecting
edges that are not associated with the horizon due to random noise. Following preprocessing, the
vertical gradient magnitude is computed using the Sobel operator. The Sobel operator is a
prominent edge-detection technique that measures changes in pixel intensity to detect edges. The
vertical gradient identifies locations where pixel intensities sharply change vertically, which are
highly indicative of horizon positions. Subsequently, the pixel position with the highest vertical
gradient magnitude in each column is selected as a potential horizon candidate. Thus, horizon
candidate points are determined for every column, providing critical information about the
approximate location of the horizon across the image. Finally, these horizon candidate points are
refined into an accurate horizon using the RANSAC regression. The RANSAC regression is a
robust statistical method capable of identifying the most appropriate linear model, even when the
dataset contains outliers. The method iteratively selects random subsets of candidate points,
validates each subset to exclude outliers, and eventually determines the most accurate linear
model. This robust approach ensures accurate horizon detection, even in environments with noise
or obstructions. The vertical edge response method effectively utilizes local pixel-level
information, demonstrating superior performance in realistic maritime environments where the
horizon may not be perfectly straight and could include minor curvatures or indistinct boundaries.

5. Applications

In this study, the proposed horizon detection method was applied to a variety of maritime
images obtained from real maritime environments to evaluate its performance. The evaluation
procedure is systematically divided into the following subsections. Section 5.1 presents a
qualitative comparative analysis between the pretrained SAM and SAM fine-tuning specifically
for maritime environments. This analysis aims to highlight the impact of fine-tuning on the
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accuracy and robustness of horizon detection. In Section 5.2, both quantitative and qualitative
evaluations of the three horizon edge classification methods (Hough transform, regional approach,
and vertical edge response) are conducted. The distinct characteristics, strengths, and potential
limitations of each method are thoroughly analyzed and discussed. Section 5.3 comprehensively
assesses the combined effectiveness of SAM fine-tuning and horizon edge classification methods.
Three distinct methods (Method 1, Method 2, and Method 3) are comparatively evaluated,
utilizing both quantitative and qualitative criteria, to identify the most effective method for horizon
detection. Through these systematic evaluations, this research verifies that the proposed horizon
detection method is both practical and effective, offering reliable performance in diverse maritime
environments.

5.1 Comparison of the SAM and SAM fine-tuning

This section presents a comparative analysis of the pretrained SAM and SAM fine-tuning
specifically for maritime environments, highlighting their performance differences. In simple
maritime environments, primarily composed of the sky and the sea, both models exhibited
minimal differences in segmentation performance. As illustrated in Fig. 8, both the pretrained
SAM and SAM fine-tuning produced similar horizon segmentation from maritime images,
effectively delineating stable horizon boundaries.
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However, as depicted in Fig. 9, significant differences emerged in complex maritime
environments that contain obstacles, such as ships, structures, and floating debris. The pretrained
SAM exhibited distorted and unstable horizon segmentation from maritime images due to
interference from visual elements near the horizon, negatively affecting the accuracy of subsequent
horizon classification processes. Conversely, SAM fine-tuning consistently demonstrated clear and
stable horizon boundaries, even near obstacles, producing structurally coherent binary masks. This
stability significantly enhanced the precision of the subsequent horizon edge classification stage,
underscoring the effectiveness of fine-tuning in adapting SAM to the unique characteristics of
maritime imagery.

5.2 Comparison of the horizon edge classification methods

This section compares the horizon detection performance of the three methods described in
Section 4 using original maritime images unrelated to SAM fine-tuning. Each method extracts
horizon candidates using distinct image-processing principles and approximates these candidates
into a straight line. Two quantitative metrics were selected to evaluate the performance of each
method: horizon height error (in pixels) and horizon slope error (in degrees). The performance
evaluation results are summarized in Fig. 10 and Table 2.

The Hough transform method identifies the horizon as the strongest straight line across the
entire image, showing relatively accurate detection in simple environments without obstacles.
However, errors occurred due to under-detection caused by sunlight near the horizon or
interference from other vertical structures. In this experiment, the Hough transform method
recorded a horizon height error of 139 pixels and a slope error of 0.95°. The regional approach
method vertically divides the image into several subregions. It estimates the boundary between the
sky and the sea based on texture contrast and average brightness within each subregion. While this
texture-based analysis can detect less distinct horizon boundaries, it experiences over-detection
errors in cases with subtle texture differences or low illumination conditions, such as terrain near
the horizon. In this experiment, the regional approach method exhibited a horizon height error of
93 pixels and a slope error of 2.85°, with slope accuracy being lower than that of the Hough
transform method. The vertical edge response method selects the pixel with the highest vertical
gradient response in each column as horizon candidate points, subsequently approximating the
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Table 2 Comparison of the horizon edge classification methods

Method Horizon height error (pixel) Horizon slope error (°)
Hough transform 139 0.95
Regional approach 93 2.85
& pp (33.09% reduction) (200.00% increase)
55 0.50

Vertical edge response (60.43% reduction) (47.36% reduction)
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Fig. 11 Definition of three methods for horizon detection

Method-2
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horizon using the RANSAC regression. This method robustly models the horizon, effectively
handling obstacles, distortions, and noise, thereby demonstrating the lowest average error.
Specifically, the horizon height error was 55 pixels, representing a 60.43% reduction compared to
the Hough transform method. Additionally, the slope error was the lowest at 0.50°. Based on these
numerical results, the vertical edge response method was ultimately selected as the optimal method
for horizon edge classification.

5.3 Horizon detection results

Horizon detection performance is influenced by a combination of data preprocessing methods,
horizon edge detection methods, and horizon edge classification methods rather than relying on a
single method alone. Therefore, this study developed and comparatively analyzed three distinct
horizon detection methods, as defined in Fig. 11.

Method 1 directly applies the vertical edge response method to maritime images without
generating any separate mask. Method 2 utilizes the vertical edge response method based on
binary masks generated by the pretrained SAM. Method 3 incorporates SAM fine-tuning
specifically adapted for maritime environments to create more precise binary masks before
applying the vertical edge response method.
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Fig. 12 Results of the three methods for horizon detection in simple maritime environments

Table 3 Comparison of the horizon detection methods in simple maritime environments

Method Horizon height error (pixel) Horizon slope error (°)
Method 1 2 0.03
Method 2 2 0.13
Method 3 3 0.07

In simple maritime environments without obstacles near the horizon, all three methods
exhibited similar performance, as illustrated in Fig. 12. Methods 1 and 2 each showed an average
horizon height error of approximately 2 pixels and minor slope errors of 0.03° and 0.13°,
respectively. Method 3 yielded comparable outcomes with a height error of 3 pixels and a slope
error of 0.07°. These results suggest that in clear environments devoid of obstacles, the vertical
edge response method consistently and reliably detects the horizon irrespective of mask
generation. Detailed performance results for these scenarios are summarized in Table 3.

However, notable differences among the methods were observed in complex maritime
environments characterized by various visual disturbances, including obstacles, reflections of
sunlight, and terrain near the horizon. Fig. 13 illustrates a challenging environment involving
terrain above the horizon and intense sunlight reflections, which significantly impact detection
accuracy. In this environment, Method 1 inaccurately identified the horizon substantially above its
actual position, resulting in a height error of 55 pixels and a slope error of 0.50°. Method 2, which
leveraged masks generated from the pretrained SAM, reduced the height error to 19 pixels but
exhibited increased instability in slope estimation, with a slope error of 1.53°. Conversely, Method
3, which utilizes SAM fine-tuning, effectively mitigates interference from obstacles and reflections,
achieving a significantly lower height error of 12 pixels and a minimal slope error of 0.21°.
Compared to Method 1, Method 3 achieved a height error reduction of 78.18% and a slope error
improvement of 58.00%. These comparative results are presented in Table 4.

Additionally, Fig. 14 illustrates an even more challenging maritime environment characterized
by distinct obstacles, such as ships and structures near the horizon. Method 1 was overly sensitive
to obstacle edges and notably over-detected the horizon position, resulting in a height error of 37
pixels and a slope error of 3.34°. Method 2 improved slightly due to the enhanced mask quality
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Fig. 13 Results of three methods for horizon detection in complex maritime environments with terrain and
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Fig. 14 Results of three methods for horizon detection in complex maritime environments with terrain and
ships

Table 4 Comparison of the horizon detection methods in complex maritime environments with
terrain and reflection

Method Horizon height error (pixel) Horizon slope error (°)
Method 1 55 0.50
19 1.53
Method 2 (65.45% reduction) (206.00% increase)
12 0.21
Method 3 (78.18% reduction) (58.00% reduction)

provided by the pretrained SAM, achieving errors of 25 pixels in height and 1.01° in slope. In
contrast, Method 3, utilizing SAM fine-tuning, exhibited superior robustness to visual disturbances,
significantly reducing errors to 10 pixels in height and 0.59° in slope. Consequently, Method 3
demonstrated relative improvements of 72.97% in height accuracy and 82.33% in slope accuracy
compared to Method 1. The detailed performance metrics are summarized in Table 5.
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Table 5 Comparison of the horizon detection methods in complex maritime environments with
terrain and ships

Method Horizon Height Error (pixel) Horizon Slope Error (°)
Method 1 37 334
25 1.01
Method 2 (32.43% reduction) (69.76% reduction)
10 0.59
Method 3 (72.97% reduction) (82.33% reduction)

Furthermore, the average inference speed of each method was evaluated to assess its practical
applicability in real-time maritime navigation systems. Method 1, utilizing only the vertical edge
response method, achieved the highest average inference speed of 16.22 fps (frames per second)
due to its relatively simple computational requirements. Method 2 demonstrated the lowest
average inference speed of 2.15 fps, primarily due to the additional computational load associated
with generating masks using the pretrained SAM without domain-specific fine-tuning. Method 3,
which incorporates the SAM fine-tuning specifically tailored for maritime environments,
demonstrated an intermediate average inference speed of 4.54 fps, providing a balanced trade-off
between enhanced accuracy and computational efficiency. These results clearly demonstrate the
importance of selecting appropriate horizon detection methods that balance both accuracy
requirements and computational constraints in practical, real-time maritime applications.

6. Conclusions

This study proposes a novel deep learning-based horizon detection method designed to enhance
maritime navigation safety and improve the accuracy of obstacle tracking. Conventional
image-processing methods have shown limited performance due to the complexity and variability
inherent in maritime environments. To address these limitations, the general-purpose image
segmentation model, SAM, was fine-tuned specifically for maritime applications. Particularly, the
efficient adapter-based fine-tuning technique was applied to the SAM mask decoder, significantly
enhancing the model’s ability to learn the visual characteristics of the horizon and consequently
improving horizon detection performance.

The key conclusions of this study are summarized as follows:

* The SAM fine-tuning successfully addressed the limitations encountered by conventional
methods, effectively capturing distinct maritime visual features and improving accuracy in
detecting the horizon, particularly in complex maritime environments that involve obstacles,
various terrains, and intense reflections.

* The vertical edge response method demonstrated superior performance compared to the
horizon edge classification methods analyzed. It significantly reduced horizon height error
by 60.43%, decreasing from 139 pixels to 55 pixels, and slope error by 47.36%, decreasing
from 0.95° to 0.50°, when compared with the Hough transform method. Additionally, it
improved accuracy relative to the regional approach method, reducing height error from 93
pixels to 55 pixels and slope error from 2.85° to 0.50°.

* Method 3, integrating SAM fine-tuning with the vertical edge response method, delivered
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the most accurate horizon detection in complex maritime environments. It substantially
decreased height error by 78.18%, from 55 pixels to 12 pixels, and reduced slope error by
58.00%, from 0.50° to 0.21°, compared to Method 1. Furthermore, relative to Method 2,
Method 3 improved height accuracy from 19 pixels to 12 pixels and reduced slope error
significantly from 1.53° to 0.21°.

* The generation of high-quality masks through the SAM fine-tuning was crucial for accurate
horizon detection. This approach significantly minimized interference from maritime
obstacles, reduced false detections, and ensured a clear, continuous, and structurally
consistent horizon, thus enhancing the robustness and reliability of detection results under
challenging maritime environments.

Future research will involve the real-time application and evaluation of this method in actual
maritime environments, utilizing expanded datasets that encompass diverse environments,
including weather variations, different resolutions, and ship movements. In these diverse
environments, horizon detection performance may be impacted by factors such as reduced
visibility, reflections, and camera instability, underscoring the need for advanced post-processing
image methods to ensure reliability. Additionally, exploring the application of this method to
related domains, such as rivers, lakes, and aerial maritime environments, is expected to improve
safety, navigation accuracy, and environmental monitoring capabilities. Lastly, the integration of
supplementary sensor data from AIS (Automatic Identification System) and RADAR will be
pursued to develop a more robust multi-sensor-based obstacle detection and tracking system,
significantly enhancing maritime navigational safety.
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