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Abstract: As maritime transportation and human activities at sea continue to grow, ensuring
the safety of offshore infrastructure has become an increasingly pressing research focus.
However, traditional high-precision sensor systems often involve prohibitive costs, and
the Automatic Identification System (AIS) faces signal loss or data manipulation problems,
highlighting the need for a complementary, affordable, and reliable supplemental solution.
This study introduces a monocular vision-based safety monitoring framework for offshore
infrastructures. By combining advanced computer vision techniques such as Grounded
SAM and horizon-based self-calibration, the proposed framework achieves accurate vessel
detection, instance segmentation, and distance estimation. The model integrates open-
vocabulary object detection and zero-shot segmentation, achieving high performance
without additional training. To demonstrate the feasibility of the framework in practical
applications, we conduct several experiments on public datasets and couple the proposed
algorithms with the Leaflet.js and WebRTC libraries to develop a web-based prototype
for real-time safety monitoring, providing visualized information and alerts for offshore
infrastructure operators in our case study. The experimental results and case study suggest
that the framework has notable advantages, including low cost, convenient deployment
with minimal maintenance, high detection accuracy, and strong adaptability to diverse
application conditions, which brings a supplemental solution to research on offshore
infrastructure safety.

Keywords: object detection; Grounded SAM; monocular distance estimation; maritime safety

1. Introduction

The ocean covers more than 70% of the earth’s surface and is a critical part of the global
ecosystem. It provides sufficient resources such as fisheries, minerals, and energy [1,2]. It
not only plays an indispensable role in climate regulation and biodiversity conservation
but also underpins global economic development. With the development of marine sci-
ence and the expansion of environmental monitoring and resource exploitation activities,
an increasing variety of offshore infrastructures has been deployed, including oil plat-
forms [3], wind farms [4], marine ranches [5], nearshore aquaculture systems [6], and ocean
observation platforms [7] such as towers, buoys, and moored instruments. In the field of
ocean engineering, scholars have proposed various safety and reliability analysis methods
to ensure the stable operation of these infrastructures. Specifically, structural reliability
analysis is applied during the design phase to ensure offshore structures can withstand
wind-induced wave load impact and other extreme climatic conditions, determining fa-
tigue limit states [8,9]. During operation, real-time monitoring and safety analysis are
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conducted through sensors to assess the impact of environmental factors such as scouring,
corrosion, the growth of marine organisms, and temperature variations, providing timely
evaluations and early warnings for potential risks [10,11]. However, human activities such
as vessel intrusions and maritime traffic congestion also pose significant risks to offshore
infrastructures. These infrastructures particularly suffered from complex vessel activities
in coastal waters, where there is high vessel density and complex marine environment
conditions [12]. Thus, securing the safety of offshore infrastructures through enhanced
real-time vessel monitoring, traffic management, and advanced safety analysis and collision
warning systems has become an urgent necessity [13].

To ensure the safety of offshore infrastructures, stakeholders have applied various
technologies to study situational monitoring and safety, such as using the Automatic Iden-
tification System (AIS) and Geographic Information System (GIS) for vessel tracking and
analysis. Ma et al. [14] utilized AIS data, Monte Carlo simulations, and Bayesian networks
to calculate the collision probability between bridges and ships, which effectively reduced
the risk of collision. Kao et al. [15] proposed a comprehensive GIS-based collision avoidance
system for offshore infrastructures, which processes AIS data in the cloud, identifies and
filters hazardous vessels, broadcasts alerts to target ships through aid-to-navigation, and
displays visual warnings for infrastructure personnel in the Marine Geographic Informa-
tion System (MGIS). Zhang et al. [16] introduced a method that combines deep learning
and AIS data for vessel trajectory prediction, which can be used to provide early warn-
ings of collision risks between vessels and offshore infrastructures. While AIS is a widely
used vessel tracking technology that provides real-time position data, its reliability can be
compromised by potential signal loss [17] and data manipulation [18].

To address the limitations of AIS-based safety monitoring, many researchers proposed
multi-sensor fusion methods for enhancing performance. For instance, Cope et al. [19]
introduced a multi-sensor monitoring system that uses X-band radar and optical cameras
to monitor vessel activities within protected areas. Such systems maintain reliable vessel
positioning even when AIS signals are lost or manipulated, enhancing the redundancy
and robustness of the system [20]. However, due to the need to use a variety of expensive
sensors, such methods still face the problem of high cost and need to be further optimized.

In recent years, visible-light camera technologies have advanced rapidly, and video
surveillance systems, benefiting from their low cost, mature technology, and ease of instal-
lation, have become increasingly popular in various fields of monitoring applications [21],
including maritime monitoring. These systems are typically incorporated with trending
computer vision algorithms. In the context of monitoring offshore targets, there is an ur-
gent demand for efficient and accurate vessel target recognition, localization, and distance
estimation. It is known that the computer vision technique has the advantages of object
detection [22], instance segmentation [23], and distance estimation [24], which provide
practical solutions to meet these demands [25].

Distance estimation techniques based on visible-light cameras can be categorized into
monocular and binocular methods, depending on the number of cameras involved [24]. The
binocular method, leveraging the disparity principle, can be used to obtain more precise
location and distance estimations of targets. Zeng et al. [26] proposed a binocular vision
system with both long and short focal lengths designed to measure the height of vessels
passing under bridges for bridge security surveillance. However, binocular methods often
encounter drawbacks, such as expensive hardware, complex installation, a pre-calibration
requirement, and difficulty adjusting stereo calibration parameters after deployment. To
address the limitations of binocular methods, scholars have attempted to utilize monocular
methods as an alternative, striving to solve the challenge of depth extraction from a single-
camera view. In recent years, the accuracy and reliability of monocular distance estimation
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methods have gradually improved and have been applied in various fields. For example,
Liang et al. [27] proposed a self-supervised depth estimation model that utilizes multi-scale
resolution to enhance the expression of depth information, thus improving the accuracy
of distance estimation. In maritime applications, Gladstone et al. [28] proposed a method
based on monocular vision and a geometric model for estimating the distance to target
vessels. This method is highly practical as it detects the horizon and applies the geometric
properties of the earth. In addition, Kang et al. [29] combined monocular vision with
traditional sensors such as radar to enhance the reliability of the system.

More importantly, images captured by visible-light cameras can be easily analyzed
using various computer vision techniques [30]. Many scholars have employed various
neural network models for vessel classification, semantic segmentation, and target tracking
in coastal regions. For example, Shao et al. [31] proposed a convolutional neural network
based on saliency perception for the recognition of nearshore vessels. Ting et al. [32]
combined the YOLOv5 model with GhostNet to detect vessels, addressing the issue of the
uneven distribution of vertical and horizontal features. These models generally require
large amounts of labeled data for training to achieve quick and accurate vessel identification.
Technically, these models still face challenges in data dependency and limited generalization
ability [33]. To address these limitations, visual foundation models such as the Segment
Anything Model (SAM) [34] and Grounding DINO [35] offer a new low-cost solution for
instance segmentation and target detection, which require lower data processing and labor
costs. Through self-supervised learning and large-scale pretraining, the SAM-based models
can perform precise segmentation of various objects without extensive labeled data. Given
the advantage of strong zero-shot segmentation capability, SAM has already been applied
in fields of medical image segmentation [36,37], remote sensing image segmentation [38],
and autonomous driving [39]. Meanwhile, Grounding DINO demonstrates powerful
open-vocabulary capabilities, enabling the detection of any target based on human-input
text prompts, and it has also been widely applied across various fields [40,41]. However,
there are few studies and applications that integrate this novel SAM and Grounding
DINO technologies to detect and segment vessels in the maritime domain, thus requiring
further investigation.

This paper proposes a monocular vision-based safety monitoring framework for off-
shore infrastructures, integrating object detection and instance segmentation techniques
based on Grounded SAM [42], along with the algorithms of sea horizon detection, monocu-
lar distance estimation, and self-extrinsic parameter calibration. By combining Grounded
SAM with boundary simplification and convex hull algorithms, the framework generates
a more refined detection region for the sea horizon, significantly improving detection
accuracy. This approach is particularly effective in scenarios where the sea horizon is
partially occluded and is adaptable to other detection methods, offering valuable insights
for integrating advanced vision models with traditional algorithms. Additionally, through
the application of Grounded SAM, the framework enables zero-shot vessel detection and
segmentation without the need for additional training. Moreover, we conducted sev-
eral experiments to evaluate the capability and performance of the proposed algorithms.
Furthermore, to demonstrate the technical feasibility and practicality of the proposed
framework, we developed a web-based prototype for the real-time monitoring of offshore
infrastructure safety. The experimental results and case study show that the proposed
framework enables real-time surveillance and performs accurate vessel detection and seg-
mentation as well as accurate distance estimation, providing a satisfactory complementary
solution for improving maritime safety.

The remainder of this paper is structured as follows: Section 2 details the specific
methods for monocular vision-based horizon detection, extrinsic parameter estimation,
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and distance estimation; Section 3 presents the experimental evaluation and result anal-
ysis of each method; and Section 4 concludes the advantages, limitations, and potential
improvements of the proposed monocular vision-based safety monitoring framework for
offshore infrastructures and the methodology.

2. Methods
2.1. Components of the Proposed Framework

The proposed offshore infrastructure safety monitoring framework is divided into
three primary components (Figure 1): a hardware module for video data acquisition on the
edge side; the core algorithms run on the server side for real-time video stream processing,
computation, and analysis; and a web application platform on the client side designed to
visualize the video stream and the results generated by the algorithm modules.
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Figure 1. Structural components of monocular vision-based safety monitoring framework for offshore
infrastructures.

The video acquisition module utilizes a fixed-focus monocular camera mounted on a
fixed platform of the offshore facility. The videos cover the designated monitoring region,
ensuring a clear sea horizon line within the view. It should be noted that we need to
calibrate the intrinsic camera parameters before installation, while extrinsic parameters do
not require pre-calibration.

On the server side, the framework integrates several algorithms to ensure accurate
processing and analysis of video data. First, Grounded SAM assists in detecting the
sea horizon line from images, and thus, extrinsic parameters can be estimated based on
the geometric features of the sea horizon line. Then, these parameters and the intrinsic
parameters are used to build a coordinate transformation model to map pixel coordinates
on the sea surface to world coordinates. In addition, the framework uses Grounded SAM
for marine vessel target detection and instance segmentation to generate pixel masks for
vessel targets in the surveillance area. Finally, the pixel positions are converted to world
coordinates and distances by combining the coordinate transformation model with vessel
masks. This workflow ensures the continuous identification of vessels that may pose a
threat in the monitoring area and updates their coordinates and distances in real time.

The client platform provides intuitive interfaces for end users by displaying real-time
video streams, video analysis results, and relative information with different visualization
modes. In this study, we adopted a B/S architecture [43] to develop the web-based pro-
totype, significantly improving the accessibility and deployment efficiency of the entire
system. This comprehensive framework achieves effective situational monitoring, address-
ing the safety needs of offshore infrastructures. The following sections focus on the detailed
introduction of the proposed algorithms and the development of the prototype system,



J. Mar. Sci. Eng. 2025, 13, 340

50f22

highlighting their integration and functionality within the safety monitoring framework
for offshore infrastructures.

2.2. Object Detection and Instance Segmentation

In this study, we utilize a model called Grounded SAM, which integrates Grounding
DINO and SAM to detect and segment objects such as vessels and the sea surface in
images. In comparison to other popular models, such as Mask R-CNN, which typically
requires extensive retraining on task-specific datasets to achieve optimal performance,
and the YOLO, which excels at detecting objects quickly but lacks segmentation abilities,
Grounded SAM stands out due to its zero-shot capability and enhanced ability to both
detect and segment any targets. This model operates without additional training and
generates segmentation masks by simply inputting the targets” names in text form as
prompts. Grounding DINO identifies bounding boxes for maritime targets, which SAM
uses as prompts for mask segmentation. By combining these models, Grounded SAM
improves the precision and robustness of vessel detection in complex oceanic scenarios
without any additional training and fine-tuning.

SAM is a generalized promptable segmentation base model trained on a vast dataset
consisting of over 1.1 billion segmentation masks and about 11 million images [34]. Ex-
tensive pretraining gives SAM a strong zero-shot capability, allowing it to generalize to
unseen object types effectively. The model supports the input of multiple types of prompts
(e.g., points and bounding boxes) to segment the corresponding targets in an image. Archi-
tecturally, SAM consists of an image encoder, a prompt encoder, and a mask decoder. The
image encoder extracts detailed visual features, the prompt encoder processes user inputs,
and the mask decoder combines these to generate pixel-level masks, enabling flexible and
accurate segmentation. However, SAM currently does not support text-based prompts,
which means it cannot directly segment human-specified object types in open-set scenes.

In Grounded SAM, the Grounding DINO model is responsible for detecting maritime
targets based on prompt text and generating bounding boxes, which are fed into SAM for
mask extraction. Grounding DINO is an open-vocabulary object detection model based
on the Transformer architecture that can detect any object class in an image and provide
accurate bounding boxes based on the user’s natural language prompts [35]. The core of the
model consists of an image encoder, a text encoder, a feature enhancer, a language-guided
query selection module, and a cross-modal decoder. The image encoder extracts visual
features from the input image, while the text encoder processes natural language prompts.
These features are enhanced and aligned by the feature enhancer and the language-guided
query selection module to focus on relevant objects. Finally, the cross-modal decoder
integrates these features to generate precise bounding boxes for the targets specified by
the text prompt. In this study, Grounded SAM effectively combines the open-vocabulary
object detection capability of Grounding DINO with the promptable zero-shot instance
segmentation capability of SAM, enabling precise segmentation of maritime vessels by
simply inputting images and a text prompt. This not only enhances the accuracy of target
detection and distance estimation but also improves the usability of the framework for
offshore infrastructure safety monitoring.

2.3. Geometric Method of Monocular Distance Estimation

We employ a geometric coordinate transformation model to estimate the distances
of vessel instances detected and segmented by the Grounded SAM. The model’s basic
principle relies on the pinhole camera model, which establishes the mapping relationship
between 2D image coordinates and 3D real-world coordinates.
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2.3.1. Pinhole Model and Camera Calibration

The pinhole camera model plays a crucial role in computer vision, describing how the
3D world is projected onto a 2D image plane (Figure 2). However, as the model neglects
factors like lens distortion, accurate distance estimation requires camera calibration, which
involves estimating both intrinsic and extrinsic parameters.

Principal Axis

Figure 2. Pinhole camera model.

The intrinsic parameters include the camera’s focal length (fy, f,) and principal point
(cx, cy), while the extrinsic parameters involve the rotation vector and translation vector
of the camera’s coordinate system relative to the world coordinate system. The intrinsic
matrix K is calculated as:

fx 0 o
K=10 fy ¢ 1)
0o 0 1

In this study, Zhang's calibration method [44] is used to calibrate the camera.

2.3.2. Coordinate Transformation

To obtain the position and distance of targets in an image, it is necessary to convert
the 2D image coordinate system into the 3D world coordinate system. In this study, the
intersection of the camera’s plumb line and the sea surface is set as the origin O,,. Based on
the camera’s perspective, the X;,-axis points horizontally to the right, the Y;-axis points
vertically upward, and the Z,-axis points horizontally forward. The origin of the camera
coordinate system is set at the camera’s position, corresponding to (0, %, 0) in the world
coordinate system, where /. is the camera’s installation height. The axes of the camera
coordinate system align with those of the world coordinate system. In the pixel coordinate
system, the origin is at the top-left corner of the image, with the u-axis extending to the
right and the v-axis extending downward. Figure 3 illustrates the monitoring scene and
the basic setup of each coordinate axis while also explaining the geometric relationship
between the pixel locations of targets in the image and their actual positions in the 3D
world. Deriving the specific transformation method for this geometric relationship is key
to calculating the position and distance of the targets.
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Figure 3. Schematic diagram of camera setup and coordinate system definitions. The dashed lines
represent the light path through different points in the frame.

The transformation from 2D image coordinates to 3D world coordinates involves
several essential stages. First, pixel coordinates (u, v) are converted to image coordinates
(%, y;). Then, the image coordinates are converted to camera coordinates (X, Y, Z.). Finally,
the camera coordinates are converted to world coordinates (X, Yw, Zy). These sequential
transformations are mathematically defined in Equations (2)—(4).

Xi
yi| =Ko @)
1 1
XC = Zc-xi (3)
Yc = Zc'yi
X X;
Yo | _ (R T\[Y @
Zw 0 1)|z
1 1

Since the transformation from a 2D image to 3D coordinates lacks depth information
Z,, this issue is classified as an ill-posed problem. In this study, the observed sea surface is
idealized as a plane (Y3, = 0), thereby providing the additional parameters needed for the
transformation. This allows the computation of the world coordinates of the target point as
(Xa, 0, Zo).

Initially, pixel coordinates (u, v) are converted into normalized camera coordinates
(x4, Yn). In the camera coordinate system, the direction of the light ray is represented by the
vector (xy, ¥y, 1). Utilizing the rotation matrix R, which is estimated by our self-calibration
method in Section 2.4.2, this light ray is transformed into the world coordinate system,
yielding the direction (Xy, Yy, Z;). When the light ray originates from the camera center at
(0, h, 0), the parametric equation of the ray can be established, where the parameter t can be
represented by h and Y,;. Substituting t into the ray equation provides the coordinates of
the intersection point on the sea surface plane (X, 0, Zy). Finally, the distance d between
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the target and the offshore platform is computed based on these coordinates. The complete
mathematical model for this transformation process is presented in Equations (5)—(10):

Xy = U—Cx
fx )
V—C
Yn = Tyz
Xd xn
Yo | =R|yn (6)
Z, 1
Xw X4 0
Yo |l =t Y, |+ |1 7)
Zw Zy 0
h
t= 7 8
Xy = — 52
- )
Zw = —Y—dd

d=\/Xo? + Zs? (10)

It is worth noting that the pixels in an image obtained by a visible-light camera are
discrete; therefore, it is hard to precisely represent the continuous position of an object, as
shown in Figure 4. This limitation is particularly significant at long distances, where each
pixel corresponds to a more extensive physical region, resulting in increased computational
errors. Consequently, the world coordinate error of distant pixel points is much greater
than that of nearby pixel points. Higher image resolution reduces the physical region
represented by a single pixel, thereby lowering the error.

— u
Video frame

Sky

v Horizon line

Figure 4. Illustration of a video frame and its pixel discreteness.

2.4. A Self-Calibration Method Based on Sea Horizon Line

In computer vision, traditional camera calibration methods typically require calibra-
tion objects, such as chessboards, with known dimensions. However, due to the unique
challenges of marine application scenarios, it is difficult to use traditional calibration boards
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for extrinsic calibration. Images captured by cameras on offshore infrastructures typically
include targets such as the sky, sea surface, maritime vessels, and the boundary between
the sea and the sky, known as the sea horizon line, as shown in Figure 4. Therefore, we can
analyze the natural features within the scene to solve this issue.

The horizon line serves as a critical reference in such images, acting as the only
reliable geometric cue in the vast expanse of the ocean surface. Even without additional
calibration objects, it is still possible to use the horizon line to estimate the camera’s
extrinsic parameters—namely, the rotation and translation matrices—thus enabling the
self-calibration of the camera. In this study, the horizon line is used as an alternative
solution for extrinsic parameter self-calibration, particularly for cases where camera angles
may shift unexpectedly after deployment or when chessboards cannot be used.

2.4.1. Horizon Detection

To perform extrinsic parameter self-calibration, the horizon line in the image must
first be detected. In this study, a method based on edge detection and line extraction is used
for horizon line detection, combined with Grounded SAM to segment the ocean region,
narrowing the detection area and improving the accuracy of horizon line detection. The
detailed process is as follows:

To better distinguish the sea surface from the sky and identify the ideal distribution
region of the horizon line, the Grounded SAM is used for ocean surface instance segmen-
tation. However, when maritime vessels or other objects occlude the horizon line, the
boundaries of ocean surface instances become more complex. This may lead to concave
boundaries or the detection of multiple ocean surface instances, significantly obstructing
the determination of the final horizon line region of interest (ROI).

To address this issue, we propose an ocean surface instance boundary completion
algorithm that combines boundary tracking and simplification to enhance the integrity
of ocean surface instances and define an ideal region for horizon line localization. The
algorithm first employs the chain code method [45] to connect all boundary pixels, forming
closed polygonal boundaries. Next, boundary simplification is performed in two steps: the
Douglas-Peucker algorithm [46] recursively removes unnecessary points from the bound-
ary, and Andrew’s monotone convex hull algorithm generates the minimal convex set of
the boundary point set. This approach ensures a more cohesive and reliable representation
of ocean surface instances, facilitating accurate horizon line detection.

Figure 5¢,d show the results of completing and simplifying the ocean surface instance
boundary. Then, an ROI for horizon line detection is generated within a certain buffer zone
of the adjusted boundary (Figure 5e,f).

Finally, the Canny edge detection algorithm is applied to the image within the horizon
line detection ROI to extract all edge features. These edge points are then fitted to a single
straight line using a RANSAC-based procedure, which identifies the horizon line among
the extracted edges. Specifically, RANSAC repeatedly samples pairs of edge points to
propose candidate line models, evaluating each by the number of inliers within a distance
threshold. The line model with the highest inlier count is ultimately selected as the horizon,
ensuring robustness against spurious edges and partial occlusions.

To further enhance detection accuracy, the variation in the detected horizon line across
consecutive time frames must remain within a specified threshold. If the variation exceeds
the threshold, the algorithm re-executes the detection process for a satisfied result, and the
parameters are updated. A scheduled execution mechanism for the algorithm module is
implemented to mitigate the impact of potential inaccuracies caused by unexpected shifts
in the camera position after installation.
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Occluded by vessels Occluded by other objects on offshore infrastructures

Figure 5. Examples of the sea horizon line ROI extraction steps: (a,b) original images and (c,d) ocean
surface instance boundaries. The green line represents the completed boundary of the ocean surface
instance after correction, while the blue line indicates the boundary before completion; (e,f) show the
ROI (represented as a heatmap overlayered on the image) of the sea horizon line.

2.4.2. Extrinsic Parameter Estimation

The position and angle of the sea horizon line in the image (Figure 6) can be used to
estimate the camera’s extrinsic parameters, namely its pose. Extrinsic parameters include
the rotation matrix and the translation vector relative to the world coordinate system. The
translation vector can be directly obtained from the coordinate system settings described in
Section 2.3.2.

Horizon Midpoint

Figure 6. Illustration of angular and positional features of the sea horizon line.
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The camera’s rotation includes three angles: pitch, roll, and yaw. Since the yaw angle
does not affect the characteristics of the horizon line in the image, it is set to 0, corresponding
to the camera’s default orientation after installation.

Pitch: If the camera’s pitch angle is non-zero, the position of the horizon line in the
image will shift upward or downward accordingly. By analyzing the vertical position of
the horizon line, the pitch angle 6 can be calculated, along with the corresponding rotation
vector about the x-axis, Ry(0), as follows:

1% —Cy

6 = tan™ (11)
fy
1 0 0
Rx(0) = |0 cosf —sinf (12)

0 sinf cos@

where v, and ¢, represent the vertical coordinates of the midpoint of the horizon line and
the optical center, respectively, and f, is the focal length of the camera along the y-axis.
Roll: If the camera exhibits a roll, the horizon line will appear tilted. By analyzing the
angle between the horizon line and the horizontal axis of the image, the roll angle ¢ can be
calculated, along with the corresponding rotation vector about the z-axis, R,(¢), as follows:

1 Av

¢ = tan AL (13)
cos¢p —sing 0
R;(¢) = | singp cos¢p O (14)

0 0 1

where Av and Au are the vertical and horizontal pixel coordinate differences between the
two endpoints of the sea horizon line. Since the rotation matrix about the y-axis is an
identity matrix, the final rotation matrix R is expressed as:

cos¢ —singcosh  sin¢sind
R =R;(¢)Rx(0) = | sing cos¢cos®  —cos¢psinf (15)
0 sin ¢ cos

The translation vector, which corresponds to the camera’s installation height, has
minimal impact on the position of the horizon line in the captured image. Given the camera
height 1 and the Earth’s radius R, the angle 1 between the horizon line and the horizontal
axis in the camera’s field of view can be expressed as:

1 R
7 = cos Roh (16)

Under typical installation conditions, where 1 < R, the small error in the translation
vector has a negligible effect on the horizon line’s position.

The self-calibration method for the camera’s extrinsic parameters ensures that even
when the camera shifts due to external forces over prolonged operation, the pitch and roll
angles can still be accurately extracted. This enhances the robustness and maintainability
of the overall monocular distance estimation method for maritime targets.

2.5. Safety Analysis and Visualization

In this section, we describe how the results obtained from monocular distance esti-
mation, vessel segmentation, and horizon detection are analyzed and transformed into
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actionable safety information. Furthermore, we explain the visualization techniques used
to represent the spatial relationships between maritime objects and infrastructure, enabling
operators to assess potential threats better and take timely action.

As shown in Figure 7, we transform all elements in the scene into a two-dimensional

plane to simulate a digital maritime map. This visualization method provides an intuitive

representation of the following elements:

Geographic position of the offshore infrastructure: the location of the offshore critical
infrastructure or other critical equipment.

The monitoring area of a monocular camera: the area covered by the camera, which
helps operators understand the camera’s field of view and its limitations.

Graded alert zones: circular alert zones centered around the protected offshore infras-
tructure, representing different levels of risk. These zones can be adjusted in shape or
size according to specific operational needs, with each level indicating the proximity
of objects to the infrastructure and the corresponding safety response required.
Detected vessel targets: the positions (calculated from Equations (5)—(9)) of vessels
detected within the camera’s range, updated in real time to show their movements and
proximity to the infrastructure. In addition, the distance information can be displayed
near each target.

In our web application system, we utilized Leaflet.js (a lightweight open-source

JavaScript library for creating interactive and customizable web-based maps, widely used

for dynamic geospatial visualizations) to facilitate the dynamic drawing and real-time

updating of all these elements on the map. This allows operators to visualize the current

status of the maritime environment and receive up-to-date information about vessel posi-

tions and the safety status of critical infrastructure. The system continuously updates in

real time, ensuring that any newly detected targets or changes in the monitoring range are
immediately reflected, thus enabling rapid response to potential safety threats.

“‘,." Field of View

A Infrastructure
» Vessel Target
W Level 1 Zone
Level 2 Zone

M Level 3 Zone

Figure 7. Digital maritime map for safety analysis.
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3. Experimental Results and Discussion

In this section, the performance of the proposed sea horizon detection method and the
vessel segmentation method are evaluated using public datasets to assess the practicality
and reliability of the approach. Meanwhile, the monocular distance estimation method is
evaluated through theoretical calculations in our case study. The experiments are conducted
on a system featuring an Intel Core i5-12600KF CPU (Intel, Santa Clara, CA, USA), 32 GB
of RAM, and an NVIDIA RTX 3070 GPU with 8 GB of VRAM (NVIDIA, Santa Clara,
CA, USA).

3.1. Evaluation of Sea Horizon Detection

In this section, we describe the experiments that were conducted to evaluate the
performance of the sea horizon detection algorithm. Considering the role of the sea horizon
line in the self-calibration algorithm for camera extrinsic estimation, the evaluation focuses
on comparing the detected sea horizon line with ground truth data in terms of angular and
positional differences. The evaluation metrics include angular error, positional error, and
detection accuracy.

3.1.1. Horizon Detection Dataset

The ground truth datasets for the horizon line used in the experiments come from
the Manzoor-Umair: Sea Image Dataset (MU-SID) (https:/ /www.kaggle.com/datasets/
umairatwork/manzoorumair-sea-image-dataset-musid, accessed 3 January 2025) [47] and
Singapore Maritime Dataset (SMD) (https:/ /sites.google.com/site/dilipprasad /home/
singapore-maritime-dataset, accessed 3 January 2025). The MU-SID contains an extensive
collection of ocean images captured under various weather conditions and sea states. MU-
SID includes a total of 2673 high-definition (1920 x 1080 pixels) RGB images, along with
the positional information of the sea horizon line in each image. The SMD includes a
diverse set of maritime images and videos collected in various maritime environments
around Singapore. For our experiments, we utilized the visible-light video portion of the
dataset, which contains 37 available videos. From these videos, we extracted 17,255 frames
(1920 x 1080 pixels) that include the ground truth information for the sea horizon line.
Compared to the MU-SID, the SMD presents additional challenges due to the presence of
more obstructions that partially occlude the sea horizon line. These obstructions make the
task of horizon extraction more complex and serve as a more stringent test for the accuracy
and robustness of sea horizon detection algorithms.

3.1.2. Angular Error

In Section 2.4.2, we discussed the method for calculating the roll angle in camera
extrinsic estimation, where the angle of the horizon line determines the result. Therefore,
the angular accuracy of the detected horizon line directly impacts the subsequent estimation
of camera extrinsic parameters.

To evaluate the angular accuracy of the horizon line detection, we calculated the
angular error between the detected horizon line normal vector and the ground truth
horizon line normal vector. The calculation formula is as follows:

— —
1 Npred * Ngt
N .
n gt ‘

Ey = cos™ (17)

H
‘ M pred

— —
where 71,4 and n¢ represent the normal vectors of the detected and ground truth sea
horizon lines, respectively.
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3.1.3. Position Error

Similar to the sea horizon line angle, the position of the sea horizon line also directly
impacts the pitch angle parameter in camera extrinsic estimation. To evaluate the positional
accuracy of sea horizon line detection, we selected key points (e.g., the center point of the
horizon line) in the image for calculations. The vertical position error for each key point is
calculated as:

Epos = Av = |0 — vg| (18)

where v and vg; denote the vertical coordinates of the predicted sea horizon line and the
ground truth horizon line at the center point, respectively.

3.1.4. Comprehensive Evaluation

To assess the overall performance of the sea horizon line detection algorithm, we
introduce a comprehensive error metric E,;;, which combines accuracy with angular and
positional errors, weighted by their relative contributions and normalized by maximum
tolerances. The formula for E,; is defined as:

1 NACC 1 NACC
Nice L1 Ee, Nace LA Epos,

Eup = Acc x | wyg - + Wyes -
a Ty P Tpos

+ (1 — Acc) (19)

Here, Acc represents the proportion of samples where both angular error Ey and
positional error Epps are within their respective maximum tolerances Ty (2°) and Tpes
(5 pixels). N is the number of samples classified as accurate results. The weights wy and
Wpos Teflect the relative importance of angular and positional errors, which are both set to
0.5 in our experiments. The term 1—Acc penalizes the proportion of samples that exceed
the user-predefined tolerances, accounting for inaccuracies in detection. A smaller E value
indicates better performance in horizon line extraction.

3.1.5. Horizon Detection Results

We compared our proposed horizon line detection method with Grounded SAM
against the widely used traditional approaches, namely the Canny edge detection combined
with a RANSAC-based line fitting without Grounded SAM, on the public MU-SID dataset.
The experimental results are presented in Table 1.

Table 1. Sea horizon detection results of the traditional method (Canny and RANSAC without
Grounded SAM) and our method (Canny and RANSAC with Grounded SAM) on MU-SID and SMD
datasets. The best results are italicized.

JAverage Eg lAverage Epos

Dataset Method ©) (pixels) TAcc JEan
Traditional 0.077 0.786 0.10 0.91

MU-SID Ours 0.053 0.995 0.75 0.33
MDD Traditional 0.871 3.147 0.14 0.94
Ours 0.342 1.599 0.53 0.60

As shown in Table 1, our detection method improves Acc from 10% to 75% on MU-SID
and from 14% to 53% on SMD compared to the traditional method, which proves that using
Grounded SAM to extract ROIs for sea horizon regions is helpful in detecting correct sea
horizon lines. This improvement prevents the sea horizon lines’ edges from being more
blurred in conditions such as bad weather, causing other potential line segments in the
image to be mistakenly detected as sea horizon lines. Furthermore, the angular (Ey) and
positional (Epos) errors remain low, which ensures accurate extrinsic parameter estimation,
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including both roll and pitch. Since the same detection methods (Canny and RANSAC)
are applied to both the correctly identified sea horizons in our method and the traditional
method, it is a normal phenomenon that the E,;s value of the traditional method slightly
surpasses ours in some cases. The overall error (E,;) is also reduced from 0.91 to 0.33 on
MU-SID and from 0.94 to 0.60 on SMD, indicating our method’s reliability in sea horizon
detection and extrinsic parameter estimation.

3.2. Evaluation of Maritime Vessel Instance Segmentation

In this section, the performance of maritime vessel instance segmentation algorithms is
evaluated, focusing on a comparison between Grounded SAM and the previously dominant
segmentation method, Mask R-CNN [48], and its improved version, GM R-CNN [49].
Additionally, segmentation results are visually presented.

3.2.1. Vessel Segmentation Dataset

To evaluate the methods, we use the MariShipInsSeg dataset for marine vessel instance
segmentation, annotated by Sun et al. [50]. This dataset contains 4000 visible-light marine
vessel images with 8413 labeled instances. The dataset provides standard annotation
files in the COCO format, making it suitable for benchmarking instance segmentation
methods [50].

3.2.2. Metrics

The segmentation performance was evaluated using standard metrics derived from
the COCO evaluation framework, including:

e AP (Average Precision): measures the mean precision across multiple Intersection-
over-Union (loU) thresholds (from 0.5 to 0.95, with increments of 0.05);

e  APs5p and AP;75: precision at an IoU threshold of 0.50 and 0.75, representing lenient
matching and stricter matching, respectively; and

o APs, APy, and AP precision for small (less than 322 pixels), medium (between
322 pixels and 962 pixels), and large (greater than 962 pixels) instances, classified based
on object size.

3.2.3. Vessel Segmentation Results

Based on the evaluation metrics described above, we performed quantitative com-
parisons with the instance segmentation performance of Grounded SAM, Mask R-CNN,
and GM R-CNN. Since the authors did not release the source code of GM R-CNN, we
directly compared our results to their experimental outcomes (conducted on the same
MariShipInsSeg dataset) reported in [45]. The detailed results are presented in Table 2.

Table 2. Instance segmentation results on MariShipInsSeg dataset. The best results are italicized.

Method AP APs APy APg APy APy, Size (MB) Time (ms)
Mask R-CNN [48] 46.76 82.15 48.12 28.82 49.02 62.94 1100.0 163
GM R-CNN [49] 48.62 82.95 48.13 29.11 49.11 66.44 1189.9 165
Grounded SAM [42] 52.92 89.04 56.22 31.68 54.20 69.70 3340.3 961

From Table 2, it can be observed that Grounded SAM outperforms the other two
methods, Mask R-CNN and GM R-CNN, across all evaluation metrics. Grounded SAM
demonstrates superior results under both lenient and strict conditions, excelling at APs
and AP75. Additionally, the Grounded SAM also presents advantages in segmenting objects
of various sizes, achieving the highest scores for small, medium, and large targets. While
Grounded SAM has a larger model size and longer execution time for every frame, no
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(a)

(b)

additional training is required to support its zero-shot capabilities. It ensures stronger
overall performance with relatively higher computational costs and slower response times.
The segmentation results of Grounded SAM are illustrated in Figure 8, which shows

its ability to delineate maritime vessels under diverse conditions accurately.

Figure 8. Segmentation results from Grounded SAM: (a) ground truth masks and (b) prediction masks.

3.3. Analysis of Monocular Distance Estimation

In the previous section, we derived the calculation method for the distance d from
the pixel center (1,0) to the world coordinate (X, 0, Z,). When considering the range
of the pixel boundary, the four corner points (u &= 0.5, v £ 0.5) are substituted into the
above method (Equations (5)—(10)) to calculate their respective distance values d; (i =1, 2,
3, 4). The maximum pixel-wise distance error Ady;, can then be defined as the maximum
absolute difference between the distance at the pixel center and the d; values, expressed as:

Adpay = max |d —d;] (20)
i=1,2,34
Based on the ratio of Ad,;, to the distance value d, the maximum relative error (RE)
for the pixel’s distance estimation can be calculated as:

— Admax

RE 7

(21)

In this study, the experimental conditions are meticulously established to ensure
the accuracy and reliability of the monocular distance estimation method. The camera
was calibrated using Zhang’s calibration method, resulting in the intrinsic matrix K, as
presented in Equation (22). Furthermore, based on the position of the sea horizon line
in the case image and the extrinsic parameter estimation method (Equations (11)—(15))
detailed in Section 2.4.2, the camera’s roll and pitch angles were accurately determined as
6 =2.012° and ¢ = —2.326°, respectively. These intrinsic and extrinsic parameters serve as
fundamental inputs for the subsequent error analysis.

2362.73 0 1246.48
K= 0 2363.08 1054.59 (22)
0 0 1

In Figure 9a, we present an error analysis of the distance estimation for individual
pixel points within the sea surface region of the image. The purpose of this experiment is
to analyze the error behavior at various distances under typical camera setup conditions,
providing numerical references for the applicable monitoring range of the framework.
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Relative Error Value

Moreover, under the same camera parameters, the error behavior across different images is
entirely consistent. Therefore, we limit the discussion here to the relative error in distance
estimation on a single image. The analysis shows that the single-pixel error progressively
increases with distance, and the error growth rate accelerates as pixels approach the horizon
line. Specifically, Figure 9b illustrates the RE trend for a column of pixels at # = 1000 with
respect to pixel v. As shown in Table 3, at a distance of 500 m from the camera, the RE
reaches 3.75%; at 1000 m, it escalates to 7.57%; and at 2000 m, it further increases to 18.21%,
with the error continuing to grow as the distance extends beyond 2000 m. Based on this
analysis, the optimal range of the monocular distance estimation method proposed in
this study is confined to a 2000 m monitoring area for the accuracy requirements, which
generally meet the demands of offshore infrastructure safety monitoring and warning
scenarios in coastal waters.

i —e— Relative Error
14 i .
| | Horizon
g 12 T B 1y 2000 m
£ 10 i 1000 m
= I | p—
208 i 0
5] 0 I (] e 200 m
£ 0 |
3 04 i
~
0.2
0.0 ,
980 1000 1020 1040 1060

Pixel Index (v direction)

(@ (b)

Figure 9. Relative error of distance in the monitoring area. (a) RE map (RE < 0.20): the color gradient
represents relative error levels, with blue indicating more minor errors and red indicating more
significant errors. (b) Relative error vs. pixel index v (u = 1000): the graph shows the trend of
the relative error increasing as the target moves farther from the camera and closer to the horizon
line. These results demonstrate that the relative error of monocular distance estimation grows with
increasing distance and proximity to the horizon.

Table 3. Analysis of distance estimation (1 = 1000).

Distance d (m) Pixel Index v Ad0x (m) RE
100 1110 0.74 0.74%
200 1039 294 1.47%
500 996 18.73 3.75%
1000 982 75.70 7.57%
1500 977 178.85 11.92%
2000 974 364.20 18.21%
2500 973 552.35 22.09%
3000 972 842.55 28.09%

3.4. Application and Case Study

To better validate and deploy the proposed methods in practical applications, we
designed and implemented a prototype of offshore infrastructure safety monitoring and
warning system coupled with the proposed algorithms (i.e., sea horizon detection, vessel
instance segmentation, and monocular distance estimation).

We collected video data at Baoyang Wharf in Shanghai, China, an area character-
ized by high vessel traffic and complex maritime conditions. A professional industrial-
grade monocular camera (MV-CS050-10GC HIKRobot, Hangzhou, China) was installed
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on a fixed platform to collect video streams, ensuring clear horizon visibility and stable
data acquisition.

Considering that the monocular vision analysis is a compute-intensive task, all the
proposed algorithms were implemented by standalone Python scripts running on the server
side. Video streams were automatically processed through a unified pipeline that integrates
the functions of horizon line detection, vessel segmentation, and distance estimation. Given
the fact of potential camera shifts, it should be highlighted that periodic sea horizon re-
detection is performed to ensure reliable parameter updates and minimize mis-detections.
Processed frames and all extracted information are transmitted to the client side for real-
time visualization and monitoring.

To ensure intuitive and efficient maritime monitoring for end users, we design a user-
friendly front-end interface as a web-based application under the lightweight progressive
Vue js framework using HTMLS5, JavaScript, and cascade style sheet (CSS) in a Visual
Studio Code environment, integrated with the Leaflet.js, and WebRTC libraries, as shown
in Figure 10. The developed prototype provides the functions of the visualization of real-
time video streaming, maritime target detection, safety evaluation and warning, and events
statistics, enabling intuitive maritime surveillance and efficient decision-making.

Offshore Infrastructure Safety Monitoring System L2

Geographic Information

Camera View Y
Height:6m Roll:2.012° Pitch:-2.326° §

* gD
*

@
Cemm
*

—~

200m Alert Area b >

Target quantity Alarmtoday  Safe operation

Figure 10. User interface of the web client.

1.  Real-time video streaming (WebRTC): the center of the interface displays live video
feeds of the monitored area, streamed via WebRTC [51]. Alert zones are overlaid on
the video to highlight the spatial relationship between detected vessels and restricted
areas, offering operators clear and actionable insights.

2. Safety evaluation and warning: the top-left corner of the interface provides the
warning area setting information, including the distance from the vessel to the offshore
infrastructure that triggers the different levels of alarms. This part complements the
alarm visualization overlay layer on the video stream, helping operators assess the
level of risk quickly. In this case study, 200 m, 500 m, and 1000 m are set and can
be modified by the users at any time and updated to the layers of the video stream
automatically. Once a vessel enters the guarded area, different levels of alarms will be
triggered, providing early warning and enabling users to make quick responses.
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3. Maritime map visualization (Leaflet.js): on the right side of the interface, 2D maritime
maps built with Leaflet.js display vessel positions and distances (calculated using
monocular distance estimation) and restricted zones. The maps support panning and
zooming, enabling operators to monitor geospatial data in real time.

4.  Events statistics: the bottom-left corner logs historical alert data, providing operators
with a timeline of past safety incidents for post-event analysis and strategy refinement.

4. Conclusions

This study presents a monocular vision-based safety monitoring framework designed
for offshore infrastructures, integrating cutting-edge computer vision technologies for real-
time maritime surveillance. The proposed framework utilizes the Grounded SAM for vessel
detection and segmentation and a horizon-based self-calibration method. Evaluations of
public datasets confirmed significant improvements in segmentation and horizon extraction
accuracy, demonstrating the framework’s reliability and practicality and the contribution
of Grounded SAM in improving the existing methods. Moreover, the proposed framework
and methodology can be extended to similar applications, providing valuable reference
and inspiration for researchers in the field. Another notable feature of this framework
is its cost-effectiveness, making it accessible for more applications: (1) lower hardware
requirements: the framework uses cheaper hardware compared to many other solutions,
such as radar or binocular vision systems; (2) reduced installation and maintenance costs:
by utilizing a monocular optical camera in combination with self-calibration algorithms,
the framework simplifies installation and minimizes maintenance effort compared to more
complex sensor setups; and (3) lower data processing and labor costs: Grounded SAM’s
zero-shot capability eliminates the need for additional training specific to each application,
saving both time and human resources.

Additionally, we develop a web-based monitoring platform that provides real-time
video streaming, vessel geo-location visualization, and intrusion alerts, enabling intu-
itive and efficient monitoring of sea areas near offshore infrastructures. The platform
was developed using a lightweight browser-based architecture with minimal hardware
requirements on the client side to ensure convenience and usability. In summary, this
research offers a practical, scalable, and supplemental solution for offshore infrastructure
safety monitoring, contributing to improved situational awareness and safety in complex
marine environments.

However, this research has some limitations, namely, the reduced accuracy of distance
estimation at long distances and the large size and high computational requirements of
the visual foundation model. Future work will focus on addressing these challenges by
incorporating multi-sensor fusion to improve distance estimation accuracy and robustness
and by optimizing models to reduce computational overhead while maintaining scalability
and performance.
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