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Abstract: Maritime traffic monitoring systems are particularly important in Mediterranean ports,
as they provide more comprehensive data collection compared to traditional systems such as the
Automatic Identification System (AIS), which is not mandatory for all vessels. This paper improves
the existing real-time maritime traffic monitoring systems by introducing a distance estimation
algorithm for monocular cameras, which aims to provide high quality maritime traffic metadata
collection for traffic density analysis. Two distance estimation methods based on a pinhole camera
model are presented: the Vessel-Focused Distance Estimation (VFDE) and the novel Vessel Object-
Focused Distance Estimation (VOFDE). While VFDE uses the predefined height of a vessel for
distance estimation, VOFDE uses standardized dimensions of objects on the vessel, detected with a
Convolutional Neural Network (CNN) for instance segmentation to enhance estimation accuracy.
Our evaluation covers distances up to 414 m, which is significantly beyond the scope of previous
studies. When compared to the distances measured with a precise instrument, VOFDE achieves a
Percentage Deviation Index (PDI) of 1.34% to 9.45%. This advance holds significant potential for
improving maritime surveillance with monocular cameras and is also applicable in other areas, such
as low-cost maritime vehicles equipped with single cameras.
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1. Introduction

Analysis of maritime traffic density plays an important role in efficiently managing
port operations and ensuring safe navigation. Conventionally, this analysis relies on data
obtained from radar-based systems, the Automatic Identification System (AIS), and human
observation—each method has its own challenges and limitations. As a result, it is difficult
to distinguish between different types of vessels such as passenger ships, fishing vessels,
recreational boats, etc. [1]. This lack of specificity hinders a comprehensive analysis of
maritime traffic density and complicates the decision-making processes of port authorities.
On the other hand, AIS, a transponder-based system, provides data on a vessel’s identity,
type, position, course, and additional safety-related information. In previous research, it
was demonstrated that exclusive reliance on AIS data leads to an incomplete representation
of maritime traffic in the Mediterranean, primarily due to the high number of vessels
operating without AIS [2]. Results showed that automated maritime video surveillance,
employing Convolutional Neural Networks (CNN) for detailed vessel classification, can
capture 386% more traffic than the AIS alone. This highlights the significant potential of
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automated maritime video surveillance systems to enhance maritime security and traffic
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monitoring. These systems can overcome the shortcomings of traditional methods by
providing more detailed, reliable, and comprehensive maritime surveillance.

The existing real-time maritime traffic counting system based on a neural network,
Attribution (CC BY) license (https:/ / presented in [2], is used to monitor incoming and outgoing traffic in the port of Split, Croatia.
creativecommons.org/licenses/by,  L1iS Tesearch aims to improve this system by introducing distance estimation between
40/). the camera and the vessels, an important component of advanced monitoring systems for
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analyzing maritime traffic density. Distance estimation methods from images or videos,
i.e., the extraction of 3D information from 2D sources, is an area that has been intensively
researched over the last decade. Its applicability extends across various fields, including
autonomous driving [3], traffic safety [4], animal ecology [5], assistive technologies for the
visually impaired [6], etc.

As shown in Figure 1, the existing counting system uses a single static long-range
video camera to monitor traffic. The captured video stream is then processed by an object
detection module that identifies and classifies vessels, which are then tracked and quan-
titatively counted. Vessels are expected to pass through the monitored zone at distances
ranging from 150 m to 500 m from the camera. To implement distance estimation, a monoc-
ular approach using the pinhole camera model in conjunction with triangle similarity is
investigated. This technique requires knowledge of the height (or width) of the observed
vessel, as well as a reference height (or width) for each class of vessels to enable accurate
distance estimation. It is important to acknowledge that the pinhole camera model can
incur estimation errors of up to 20%, as noted in [5-7].

Video
Multi-target stream
object tracking ith tracked

vessels

Vessel
distance
estimation

Vessel Counting
counting data

Figure 1. Illustration of the real-time maritime traffic counting system.
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Initially, the Vessel-Focused Distance Estimation (VFDE) method was developed using
pinhole camera model. This method estimates the distance directly by focusing on the
vessel as a whole, using the vessel’s height as a parameter for the distance calculation.
VEDE integrates the YOLOvV4 object detector [8], a component already integrated into
the existing counting system. While the preliminary results of VFDE were promising, it
was found that significant height variability within certain vessel classes led to increased
estimation errors. These errors depend on the discrepancy between the reference and actual
heights of the vessels [5,7].

To address this challenge, a new approach, the Vessel Object-Focused Distance Esti-
mation (VOFDE), is proposed. This method uses the standardized dimensions of objects
commonly found on the decks and sides of vessels, such as safety equipment and recovery
devices, for distance estimation. These objects are identified using an instance segmentation
CNN that accurately delineates their shapes and sizes, thus increasing the accuracy of
the distance estimation process. The main scientific contribution can be summarized as
follows:

- Proposal of the VOFDE method, a monocular camera distance estimation, to reduce
estimation errors for vessel classes with significant height variability;

- Validation of the VFDE and VOFDE approaches by comparison with actual distance
measurements and distances derived from AIS in real-world applications.

This paper is organized as follows: Section 2 presents Related Work, Section 3 presents
Methodology, while Section 4 presents Results. Finally, a discussion and conclusions
are given.
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2. Related Work

Camera-based distance estimation methods can be divided into two main categories:
the use of a monocular camera and a stereo vision [9]. Stereo vision emulates how human
eyes perceive depth, employing two cameras placed at a certain distance apart. The major
advantage of these systems is their ability to provide rich, accurate, and detailed depth
information in real-time. However, stereo vision systems are more complex and expensive
due to the need for two cameras, and they require careful calibration to ensure the two
cameras are properly aligned [7]. Monocular vision systems, on the other hand, use only
one camera to capture images or videos. Since there is only one input, these systems do
not natively provide depth information. Instead, they rely on other cues to estimate depth,
such as object size, perspective, and shadows. Moreover, some articles proposed adding
RFID [10] as a complement to the surveillance camera for distance estimation, or additional
sensors such as a LIDAR sensor [11] or Kinect sensor [12]. Given that our system employs a
single camera for capturing maritime traffic and adding a secondary sensor is not possible,
our research narrows its focus to monocular camera distance estimation methods.

The paper [13] proposes a monocular vision-based method for estimating face-to-
camera distance using a single camera. The approach includes three steps: extraction
and location of feature region, calculation of the pixel area of the characteristic triangle,
and construction of a measurement formula (derived from the pinhole camera model).
According to the experimental analysis, the proposed method shows over 95% accuracy
with a processing time of about 230 ms. Authors in [14] evaluated three distance estimation
methods for road obstacles. The methods are based on the pinhole camera model: one
uses the geometry of similar triangles, another utilizes the cross-ratio of a set of collinear
points, and the last relies on camera matrix calibration. Results suggest that the triangle
similarity method is more suitable for distance estimation at wide angles. For accurate
distance estimation to the object (from a vehicle) using a single camera, the paper [15]
presented the technique that treats the camera as an ideal pinhole model. This technique
employs the principle of triangle similarity for distance estimation after determining the
camera’s focal length in pixels. Object detection is achieved through image processing
techniques, and the known width of the object, along with the calculated focal length, is
used by the algorithm to calculate the distance after identification. Experimental results
showed satisfactory accuracy at short range distances for objects of varying widths, while
it is noted that the technique may not perform as well with unknown or variable width
objects. While in [7], an experiment is conducted to calculate human distance using a single
camera, pinhole camera model, and triangle similarity concept to estimate the distance. The
results reveal that for shorter distances, an estimation error ranges from less than 10% [5,7]
up to 17% [6], while the error rate increases to 20% [7] for longer distances. It is noted that
the error depends on the difference between the reference height and the actual height of
the target [5,7].

Prior to distance estimation, there were two main approaches for object detection
in the literature: traditional machine learning techniques [10,13,15], and neural network
methods [3,6,7,16-18]. The results indicate that the accuracy of distance estimation is closely
related to the quality of the detection results. Furthermore, Ref. [18] argues for future
improvements by using more sophisticated CNN models that include object segmentation.
The goal of segmentation is to make detailed predictions by assigning labels to each pixel
of an image, and classifying each pixel based on the object or region it belongs to [19].
Instance segmentation, which combines the tasks of object detection and segmentation [20],
has evolved into a technique in its own right. It is characterized by its ability to identify
and separate individual objects of the same class, which enables detailed examination at
the pixel level [19,21].

3. Methodology

This section presents the methodology, beginning with an overview of the pinhole camera
model, followed by detailed descriptions of the VFDE and proposed VOFDE methods.



J. Mar. Sci. Eng. 2024, 12,78

40f12

3.1. Pinhole Camera Model

The object detector provides essential 2D information about the detected target, includ-
ing its x and y coordinates (in pixels) and the width and height of the target (in pixels). This
information serves as the basis for distance estimation using the pinhole camera model,
applying the concept of triangle similarity. Distance estimation based on the pinhole camera
model relies on the relationships among key variables, as illustrated in Figure 2.

Object Camera Target
projection lens object

A

Inside the Outside
camera the camera

T 1T

Figure 2. Distance estimation based on the pinhole camera model and triangle similarity concept.

Let D represent the distance from the camera to the target, 1 as the actual height (or
width) of the target, p as the height (or width) of the object in the image (in pixels), and F as
the camera’s focal length. In the pinhole model (Figure 1), these variables form two similar
triangles, giving rise to the equation:

F D
== 1
=T M)
The calibration process, which establishes the focal length F as a constant, is detailed

in the following section. If we assume that the actual height (or width) & of the target
is known, while the height (or width) p of the target in an image frame is provided by
the object detector, the formula for calculating the distance estimation D is derived from

Equation (1).

3.2. Vessel-Focused Distance Estimation

Preliminarily, the Vessel-Focused Distance Estimation (VFDE) method was developed
to estimate the distance directly to the detected vessel using the pinhole camera model.
This model requires the specification of a reference height (or width) for each object class
that is detected and classified by YOLOv4, a component of the real-time maritime counting
system. An important consideration is the movement of vessels entering the port. This
movement is usually either parallel to the camera or at a certain angle, which is influenced
by the positioning and viewing angle of the camera. When estimating distance, the use of
the vessel’s width can lead to estimation errors if the vessel approaches at an angle, as the
actual observed width can deviate considerably from the set reference width. To mitigate
this problem, the VFDE method uses the height of the vessel as a reference variable for
distance estimation.

Furthermore, certain height factors of the vessels must be taken into account. As seen
in Figure 3, the overall height of a vessel, referred to as Keel to Masthead (KTM), includes
the draft, i.e., the vertical distance between the waterline and the deepest point of the vessel.
Since only the part of the vessel that is above the waterline is captured by the camera, the
air draft (AD), i.e., the vertical distance between the waterline and the highest point of the
vessel, is used as the reference height.
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Figure 3. Vessel vertical distances.

3.3. Vessel Object-Focused Distance Estimation

To reduce the distance estimation error for vessel classes with significant height
variability, we propose the Vessel Object-Focused Distance Estimation (VOFDE) method,
shown in Figure 4. Similar to the VFDE, VOFDE is based on the pinhole camera model.
Initially, the object detector YOLOv4 detects and classifies the vessel. If the height of the
vessel class is defined (indicating no or minimal height variability), the VFDE method
is applied. On the other hand, if the height of the vessel class is undefined (indicating
significant height variability), the VOFDE method is employed. The VOFDE method uses
the standardized dimensions of objects located on the deck and sides of vessels, such
as safety equipment (life raft container, lifeboat, etc.), recovery devices, fenders, etc., to
estimate the distance. The YOLOVS5 instance segmentation CNN [22] is used both for
detecting the objects and for determining their dimensions, which enables an accurate
distance estimation to the object and, consequently, to the vessel.

= ———— —l
Object detector Vessel Vessel height . Estimate
e — " distance to the
and classifier category defined?
vessel
VFDE Vessel
_———————— distance
I s e e B e R RS RIS R R R R R "_"l
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. . —_— object of Pl distance to the .
segmentation y .
I interest object |
L}
L]
' VOFDE :
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Figure 4. Flowchart of the proposed distance estimation.

4. Results

In this section, we detail the practical aspects of our paper, covering hardware set-
tings, software implementation, camera calibration, and the validation of methods with
corresponding results.
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4.1. Hardware Settings

For monitoring all incoming and outgoing maritime traffic at the entrance to the Port
of Split, a long-range surveillance Dahua DH-TPC-PT8620A-T camera (Dahua, Hangzhou,
China) [23] is employed. The camera is positioned on a building overlooking the port
entrance, located at 43°30'04” N latitude and 16°25'48” E longitude, with an elevation of
9 m above sea level. This positioning provides an optimal vantage point for capturing
maritime traffic. The camera delivers a video stream in H.264 compression, a resolution of
1920 x 1080, and a frame rate of 25 frames per second (FPS). The computational resources
used for this project include an Intel Core i7-9700K processor (Intel, Santa Clara, CA,
USA), 32 GB of DDR4 RAM, and a Nvidia GeForce RTX 2080 with 8 GB RAM (Nvidia,
Sanata Clara, CA, USA). Additionally, the Stonex R15 Total Station [24], a high-precision
instrument, was employed to provide accurate reference distance measurements necessary
for the validation and calibration of our distance estimation methods.

4.2. Software Implementation

The real-time maritime traffic counting system, as detailed in [2], is developed in C++
and incorporates a YOLOv4 CNN for vessel detection. This detector plays a crucial role in
the VFDE method. The YOLOv4 model was trained with the Split Port Ship Classification
Dataset (SPSCD) [1], which contains 19,337 images with a resolution of 1920 x 1080. This
dataset includes a total of 27,849 labelled vessels divided into 12 different classes, ensuring
a comprehensive coverage of vessel types. Then, the reference heights were then defined for
each of the 12 vessel classes. For example, the reference height for the vessel class ‘Sailboat’
was determined by examining the AD height of vessels of different lengths (between 32 and
47 feet) from several manufacturers [25,26]. The average AD height, measuring 17.48 m,
was then calculated and set as the reference height for this particular vessel class. For the
vessel classes ‘Ferry” and ‘Large Ferry’, the national ferry company Jadrolinija [27] provided
the AD heights of all its vessels. The average AD height is then calculated for each of these
vessel classes and set as the reference height.

The VOFDE method, developed in C++, uses YOLOv5: 7.0, a CNN optimized for
real-time instance segmentation. First, a database of objects located on the deck or sides of
the vessels is created, ranging from safety equipment (life raft container, lifeboat, etc.) to
recovery devices, fenders, and outboard engine caps. The YOLOv5 model is then trained
with the pre-trained weights yolo5l-seg.pt for 300 epochs, with a custom dataset consisting
of 300 images of the above objects with a resolution of 1920 x 1080. Figure 5 shows
examples of the vessels with the detected objects. The input size of the image for YOLOv5
is set to 960 x 960 pixels, with default training parameters such as a learning rate of 0.01, a
momentum of 0.937, a weight decay of 0.0005, and the activated mosaic data augmentation.
The reference heights are then defined for each object class. For example, for the vessel
classes ‘Highspeed craft’, ‘Ferry’, and ‘Large Ferry’, we distinguish two common container
types for throw-overboard life rafts: a smaller container for life rafts with a capacity of
less than 100 persons [28], and a larger container for life rafts with a capacity of more
than 100 persons [29]. The average container size is calculated for each class, resulting
in reference heights of 0.73 m and 1.2 m, respectively. When investigating vessel classes
such as ‘Sailboat” or smaller vessels such as ‘Speedboat’, various objects with relatively
standardized dimensions are identified. For example, a fender hanging on the side of the
vessel can be used to estimate the distance. They are divided into two classes: ‘Small fender’
with a reference height of 0.6 m, and ‘Large fender’ with a reference height of 1.2 m.

It is important to note that for the distance estimation in a particular frame, the results
are averaged over the 10 previous frames. In addition, in the VOFDE method, if multiple
objects are detected in a frame, the distance estimate to the vessel is calculated by averaging
the results of all detected objects over the 10 previous frames.
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Figure 5. Example images of the vessels (enlarged for better viewing) with detected objects are as
follows: (a) Speedboat 1 with ‘Motor cap’; (b) Large Ferry 1 with ‘Free-fall Lifeboat’; (c) Highspeed
craft with ‘Large Life raft container’; (d) Sailboat with ‘Small fender’ vessels; (e) Ferry 2 with ‘Small
Life raft container’.

4.3. Camera Calibration

The calibration process is an important step of distance estimation based on pinhole
camera mode. It begins by calculating the focal length (F, in pixels), which is an important
variable. To do this, an object with a known real height is placed within the camera’s
field of view. At the same time, the actual distance between the camera and the object
is determined using a precise distance measuring station. The object’s height within the
image (measured in pixels) is then determined. These variables are input into Equation (1)
to calculate the focal length. This calibration process is conducted three times at different
distances from the camera. The results, as shown in Table 1, are then averaged to determine
the reference focal length for the system, as recommended in [5,15].
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Latitude

43°30'06"N

43°30'04"N |-

43°30'02"N

43°30'N

16°25'50"E

Table 1. Focal lengths at various distances.

Real Measured Distance

(m) Focal Length (px)
168.9 4011.5

350 4170.8
489.9 4347.3

4.4. Validation

To validate the proposed VOFDE method, multiple video sequences of vessels entering
or leaving the port of Split were recorded. At the same time, the actual distance from the
camera to each recorded vessel was measured using a precise distance measuring station
positioned near the camera. Additionally, for vessels with active AIS, the data is used to
calculate the distance between the vessel and the camera. Figure 6 presents a map of the
entrance to the port of Split with the camera location.

Ed

Highspeed craft - 414.00 m ., i :

boat 2 - 350.07 m
S [ e o oo ) B Eoae . R Large Ferry 2 - 370.64 m
~ ~ _ Speedboat 1- 160.87 n~ =Y

~

Ferry 2-374.46 m

oFerry 1-AIS
®Large Ferry 2 - AIS

~
= Large Ferry 1-268.23 m

® Large Ferry 1 - AIS

16°25'55"E 16°26'E 16°26'05"E 16°26'10"E
Longitude

Figure 6. Entrance to the port of Split with the camera location.

On the map, the approximate positions where the distances to the vessels were mea-
sured are indicated with red circles. Each circle is labelled with the vessel class, the vessel
number, and the measured distance. The cyan circles represent the AIS positions of the
vessels that had the system active at the time.

The accuracy of the VFDE and the proposed VOFDE method were evaluated by
comparing their results with the measured distances by using the Percentage Deviation
Index (PDI) measure. To calculate the PDI, the measured distance (d,,) was used as a
reference to express the PDI as follows:

PDI[%] — 19e = nl = il

m

% 100, )

where d, denotes the estimated distance using the VFDE and VOFDE methods. The
obtained distance estimates of each method and the PDI results are summarized in Table 2.
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Table 2. Comparison of VFDE and VOFDE with the measured distance.

Vessel Vessel ~ Measured  Gpnp pDIypps  LRoPOsed  ppyp oE
Distance VOFDE
Class Number (m) (%) (%)
(m) (m)

Sailboat 1 185.60 208.62 12.40% 179.25 3.42%
Speedboat 1 168.87 190.47 12.79% 180.39 6.82%
Speedboat 2 350.07 377.89 7.95% 354.67 1.31%
Hli}g}f’fed 1 414.00 367.65 11.20% 453.14 9.45%

Ferry 1 384.56 387.44 0.75% 369.87 3.82%
Ferry 2 374.46 431.91 15.34% 402.49 7.49%
Ferry 3 256.76 352.85 37.42% 279.49 8.85%
Large Ferry 1 268.23 218.14 18.67% 290.09 8.15%
Large Ferry 2 370.64 499.03 34.64% 401.60 8.35%

On average, VFDE achieved PDI of 16.80%, while the proposed VOFDE achieved PDI
of 6.41%.

To further validate both VFDE and VOFDE methods, AIS data is utilized. The GPS
coordinates for each vessel are determined from the AIS system at the same time as the
precise distance measurement took place. The distance between the AIS vessel coordinates
and the camera coordinates is then calculated. The accuracy of the VFDE and the proposed
VOFDE method were evaluated by comparing their results with the AIS derived distance
using the PDI measure. The results of the two methods and the PDI results are shown in
Table 3.

Table 3. Comparison of VFDE and VOFDE with AIS distances.

AIS Proposed
Vessel Class Vessel Distance VEDE PDIOVFDE VOFDE PDIXOFDE
Number (m) (%) (%)
(m) (m)
ngchrif;teed 1 420.80 367.65 12.63% 453.14 7.69%
Ferry 1 381.60 387.44 1.53% 369.87 3.07%
Ferry 3 278.20 352.85 26.83% 279.49 0.46%
Large Ferry 1 292.20 218.14 25.35% 290.09 0.72%
Large Ferry 2 375.80 499.03 32.79% 401.60 6.87%

5. Discussion

This paper addresses the need for reliable distance estimation between a monocular
camera and the object of interest in real-time maritime video surveillance. Accurate distance
estimation is important to collect valuable data for future scientific research in the dynamic
maritime environment, characterized by a wide variety of vessel sizes and types. In
this paper, two approaches for distance estimation using the pinhole camera model are
evaluated in a real-world application in a maritime environment. Existing studies evaluated
the pinhole camera model across various distances; distances up to 5 m are evaluated
in [6,7,13,15,18], up to 15.5 m in [6], up to 30 m in [14], and up to 96 m in [5]. In contrast,
our research extends this validation to distances up to 414 m. Additionally, the literature
review suggests that the expected estimation error of the pinhole camera model ranges
from under 10% [5,7], to 17% [6], and up to 20% [7].

A particular challenge arises from the significant size variability within certain classes
of vessels, such as the ‘Sailboat’ class, which can vary in length from 24 to over 52 feet,
affecting their height. This variability poses a challenge for distance estimation using the
pinhole camera model and the triangle similarity approach, as it requires the establishment
of a reference height (or width) for each vessel class to enable accurate distance estimation.
Significant deviations in object dimensions from the reference height can lead to a significant
increase in the distance estimation error.
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Table 2 illustrates these challenges by comparing the VFDE estimates to distances
measured with an accurate instrument. The PDI results in this approach ranged from 0.75%
to 37.42%. In contrast, the proposed VOFDE method achieved a lower PDI, ranging from
1.31% to 9.45%. Notably, while the VFDE estimation achieved the lowest PDI of 0.75% in
one instance, the VOFDE method generally performed better.

Deviations between 0.78% and 8.20% were found between the measured distance
and the AIS derived distance. This deviation is attributed to the different locations of the
measuring points. According to the IMO guidelines for AIS installation [30], the GNSS
antenna should have a 360° clear view of the horizon, which is usually the case at the
highest point of the vessel (on the masts, superstructure, flybridge, etc.). Therefore, there
is a difference between the GPS coordinates obtained from the AIS and the measurement
point of the precise instrument, as they were taken at random points on the vessel.

Furthermore, a comparative analysis of the two methods was conducted against the
distances derived from the AIS position for each vessel. As shown in Table 3, the PDI for
the VFDE method ranged from 1.53% to 32.79%, while the PDI for the proposed VOFDE
method was consistently lower, ranging from 0.46% to 7.69%. It is important to note
that when using AIS-derived distances, compensation for the vessel’s beam is necessary.
This adjustment accounts for the GPS coordinate typically being at the vessel’s midpoint,
whereas monocular camera distance estimations are generally to the vessel’s edge.

An important conclusion can be drawn from this with regard to measurement uncer-
tainty: errors in distance estimation also indirectly indicate possible discrepancies between
the actual height of an object and its reference height. In addition, inaccuracies in object
detection can contribute to these distance estimation errors. This is evident when the
bounding box (or object segmentation) inaccurately represents the size of the detected
object, and is either larger or smaller than the actual object.

This paper demonstrates the reliability of distance estimation algorithms using a
monocular camera, particularly validating the pinhole camera model with triangle similar-
ity for maritime video surveillance systems. This validation is crucial in scenarios where
additional hardware for distance measurement or a second camera for stereo vision is not
feasible. The lower error rates achieved with the proposed VOFDE method are valuable for
research applications in maritime traffic density analysis. More accurate data collection
through intelligent video surveillance is important for research focused on understanding
and analyzing maritime traffic, and contributes to progress in this field. Furthermore, the
impact of this research goes beyond maritime surveillance. The VOFDE method can also be
used in underwater or surface low-cost vehicles equipped with a single camera, providing
a cost-effective and practical solution for distance and position estimation. This adaptability
of the VOFDE method to different maritime contexts emphasizes its versatility and broad
applicability in the field of maritime observation and analysis.

In future studies, a range of CNNss for instance segmentation, such as YOLOVS, will
be investigated to improve the accuracy of distance estimation in maritime surveillance
systems. An in-depth study on error propagation is also planned, focusing particularly on
how deviations of heights from the reference height affect the accuracy.

6. Conclusions

This paper enhances a real-time maritime traffic counting system by introducing an
algorithm for distance estimation between vessels and a camera. Initially, the system
used the Vessel-Focused Distance Estimation (VFDE) method based on the pinhole camera
model and a predefined reference height for each vessel class. A novel Vessel Object-
Focused Distance Estimation (VOFDE) method is developed to address the challenge of
height variability in some vessel classes. VOFDE employs standardized dimensions of
objects on vessels, identified through a Convolutional Neural Network (CNN) for instance
segmentation, to improve distance estimation accuracy.

The significant contribution of this research lies in advancing distance estimation
using the pinhole camera model and monocular cameras. Our real-world evaluations,
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covering distances up to 414 m and comparing results with actual measurements and AIS
data, demonstrate that VOFDE achieves a Percentage Deviation Index (PDI) ranging from
1.31% to 9.45%. This improvement in accuracy is important for maritime traffic density
analysis and has potential applications in GPS-denied environments and low-cost maritime
vehicles equipped with single cameras.
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