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Abstract: Some vessels do not comply with maritime rules, particularly in port and safety zones; 
they must be detected to avoid incidents. Due to background noise and congestion interference at 
the sea surface, it is difficult to accurately detect these vessels when it is getting dark, especially 
smaller ones. For these reasons, this paper proposes and develops an improved multi-structural 
morphology (IMSM) approach to eliminate all this noise and interference. The vessel target is 
separated from the sea surface backdrop using weighted morphological filtering of many groups of 
structural components. Then, the neighborhood-based adaptive fast median filtering is used to filter 
out impulse noise. Finally, the characteristic morphological model of the vessel target is established 
using the connected domain; this permits eliminating the sea surface congestion and locating vessels 
movement in real-time. Multiple tests were carried out in a small and discontinuous area of the 
vessel’s inter-frame motion. The results of many groups of data collected show that the proposed 
approach can effectively eliminate the background noise and congestion interference in the 
monitoring video. The detection accuracy rate and the processing time have increased by 
approximately 3.91% and 1.14s, respectively. 

Keywords: port vessel detection; weighted morphological filtering; adaptive fast median filtering; 
connected domain computing; multi-structure morphology; sea surface congestion 

 

1. Introduction 

Around ports and secure areas at sea, vessels must comply with certain rules to avoid 
congestion, accidents and theft. Therefore, detecting vessels accurately is essential for sea operations 
in general and in particular in port and secure areas at sea. The research on the detection method of 
port vessels is of great significance to realize the real-time detection of vessels and improve the 
efficiency of the port vessels monitoring system. With the development and application of modern 
sea monitoring systems in various ports, most of the world's major ports are building extensive CCTV 
surveillance systems at sea. These ports are committed to building a real-time, intuitive, and whole-
process CCTV monitoring system as shown in Figure 1 [1]. 

According to the geographical characteristics in the control area of the monitoring system and 
the source of scene image interference, the characteristics of the port surveillance videos are analyzed 
and summarized in different ways as follows [2]:  
1. The vessel target has a low contrast: In most cases, the surveillance camera is far away from the 

vessel target, relatively broad sea surface. The vessel target only occupies a few pixels in the video 
image, and its color is relatively close to the background of the sea surface. When the visibility of 
the sea surface is poor, it is difficult to spot the target from the image. 
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2. The noise interference is large, and the sea environment is complex: The regional changes caused by 
the waves on the sea surface are similar to the shape and size of the vessel target, which easily causes 
false detection of the vessel. Large areas of sea surface ripples are difficult to remove by common 
filtering methods. The change in lighting and the movement of the clouds cause a large area of 
background change on the port video image. 

3. The vessel moves slowly: Under long-distance observation, the position of the vessel target on the 
image changes slowly, and the difference between the two images is only a few pixels. Thus, it is easy 
to cause the void phenomenon in the central area of the vessel target when using the detection 
method of moving targets. 

4. Real-time processing of video: The vessel detection method based on surveillance video should not 
only ensure the accuracy of system detection but also require real-time processing of video. In order 
to facilitate the real-time observation of the test results by maritime regulators, the algorithm is 
required to be robust. 

 
Figure 1. Navigation system architecture. 

Recently, much research has been carried out in this field. Li et al. [3] proposes the use of a range-
Doppler processing to improve the signal-to-noise ratio (SNR) before computing the moving target's 
trajectory, based on the continuously bistatic range. This technology uses the Global Navigation 
Satellite Systems, which is reliable. However, the limited power budget offered by navigation 
satellites is its primary concern. A hierarchical method is proposed to detect the vessels in inland 
rivers. It uses multi-spectral information to extract the regions of interest, and then the panchromatic 
band to extract vessel candidates; afterward, a mixture of multi-scale deformable part models and a 
histogram of the oriented gradient are used to detect the connected components and the clustered 
vessels. Finally, a back propagation neural network is performed to classify the vessel candidates [4]. 
This method has the advantage that it can accurately detect vessels in inland rivers as well as in port 
areas. It can effectively eliminate the background noise and congestion interference at sea. However, 
it considers several mixed algorithms, which makes the use of this method very complex and difficult 
to use. Yu et al. [5] proposed a Multi-Head Self-Attention-You Only Look Once (MHSA-YOLO) 
method for ship object detection in inland rivers. To strengthen the feature information of the ship 
objects and reduce the interference of background information, the method incorporates MHSA into 
the feature extraction process. A more straightforward two-way feature pyramid is created 
throughout the feature fusion process to improve the fusing of feature information; making this 
method realize an accuracy detection of 97.59%. However, its processing time is low (about 4.7s to 
perform a correct detection). When it is getting dark, the detection accuracy is just 91.9%, meaning 
that this method does not perform well late in the evening. Morillas et al. [6] proposed the use of a 
block division technique, which splits the image into tiny pixel blocks that correspond to small vessel 
or non-vessel regions. The blocks are classified using the Support Vector Machine utilizing texture 
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and color information that were taken from the blocks. Finally, it makes use of the reconstruction 
algorithm, which extracts the identified vessels and fixes the majority of incorrectly categorized 
blocks. This method is more computationally efficient because it captures the characteristics of 
regions more accurately. This method has a precision of around 98.14% for the final vessel detection 
and approximately 96.98% for the classification between vessel blocks and non-vessel blocks. 
However, the experiments were probably applied using large vessels. This is because when we apply 
this method with small vessels, it has been discovered that the detection accuracy is lower; that is, 
93.3% and 90.8%, respectively. Gao et al. [7] proposed a new inter-frame difference algorithm for 
moving target detection. This approach uses texture and color features in a two-frame-difference 
approach. It can effectively detect vessels with an accuracy of about 94.7% with a processing time of 
2.01s. However, the false alarm rate is higher for small vessels with low contrast. Tabi et al [8] designed 
vessel detections with its monitoring system using an automatic identification system and a geographic 
information system. The vessel detection approach uses mixed Gaussian background modeling. This 
approach results in a large area of cavity in the center of the hull. The accuracy of the detection system 
is about 92%. However, the processing time is 3.76 s, which is considered poor in engineering 
applications. Besides, this approach suffers from serious interference to the background update due to 
the large variations in sea surface illumination and the rapid change of cloud background. 

All the methods mentioned above can effectively improve the SNR of an image, suppressing 
background interference. They can detect moving targets under a background with just a little noise. 
However, they detect small vessels without protecting the edge of the moving target signal from 
being blurred; this leads to congestion. Given the characteristics of the long distance between port 
surveillance cameras and vessels, detecting small vessels still presents many challenges, especially 
when it is getting dark and when they are moving slowly. This defect is caused by significant 
interference from sea surface noise. Therefore, this paper proposes an IMSM, which takes into 
account the noise of the sea environment as well as the movement of vessels in their real-time 
detection process. The primary input of this paper is recapped as follows. 
• The proposed improved multi-structural morphology approach is designed based on physics 

and intensive mathematical contexts that result in the accurate detection of vessel targets. 
• The deep Hough transform (DHT) together with OSTU-based adaptive threshold segmentation 

enables the removal of the irrelevant lines/occlusions on the image and converts the image into a 
binary map. 

• The combination of the weighted morphological filtering with neighborhood-based adaptive fast 
median filtering employing the associated domain makes it possible to clearly locate and monitor 
vessel movements in real-time. 
The rest of this paper is organized as follows: port vessel detection system is developed in 

Section 2; the multi-structural morphology filtering is designed and described in detail in Section 3; 
Sections 4 and 5 focuses and highlight the scientific application of the IMSM approach as well as the 
conclusion of this paper, respectively. 

2. Port Vessel Detection System 

2.1. Detection Process 

Usually, a frame of image is read from the image sequence for detection; the detection process 
includes most of the elements presented in Figure 1. Among them, there are the satellite, antennas, 
network equipment, server, cameras (video of the operation), etc.; they work together to give a well-
defined result that is the output video image. 

2.1.1. Satellite, Antennas, Servers, Etc. 

They are made up of networks of transmit/receive modules. Each transmit/receive module in the 
antenna array has a tiny solid-state transmitter and receiver built into it. Together, these modules enable 
the coordinated and electronically controlled transmission and reception of radar signals. They detect the 
vessels around the monitoring area; they are designed to be able to withstand the harsh conditions at sea. 
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Since vessels move with the waves in all directions, satellite antennas must perform real-time counter- 
movements in two directions to establish the vessel's position in relation to a satellite. 

2.1.2. Camera 

Cameras are functionally designed to record video inside an area that is under observation. To 
improve surveillance, they provide several functions, including motion detection, night vision, and 
PTZ (pan, tilt, and zoom) for focusing on certain regions of interest. 

2.1.3. Image Processing Algorithm 

It refers to the techniques used to convert an image from its native format into a digital image 
with a consistent structure. It is usually utilized to clean up the image and make it clear. 

2.1.4. Output Video Image 

The term video output describes a graphics interface that allows a digital camera or camcorder 
to send a video signal to an external viewing or recording device via a video output cable. It is a 
powerful tool that can improve the efficiency and quality of communication. 

Indeed, when the original video image is not processed, it contains noise interference which is a 
mixture of nuisance alarms and/or false alarms that must be effectively eliminated to avoid misleading 
results. By definition, any signal produced by an adverse event is called a nuisance alarm; while a signal 
produced by the system's electronics that has nothing to do with a sensor or an event is called a false 
alarm. Thus, the equipment of the system must be not only in a good state but also well connected to 
each other. Besides, the image processing algorithm should be reliable and effective. 

2.2. Tracking Path Analysis 

The tracking problem can essentially be defined as the problem of estimating the path or trajectory 
of the target on the image when the target is moving [9]. In order to observe the trajectory of the vessel 
target on the sea surface more intuitively, its path should be analyzed. Based on the premise that the 
direction and speed of each pixel in the video image will not change suddenly, it is considered that the 
path of moving target formation is coherent. The path coherence function reflects information such as 
the direction and velocity of the moving target. It can be used to represent a measure of consistency 
between the trajectory of a moving target and the constraint of motion so that the generated trajectory 
of a moving target is represented by a series of points in a two-dimensional projection plane: 𝑇௜ = ሺ𝑋௜ଵ,𝑋௜ଶ, 𝐿𝑋௜௡ሻ (1)

where 𝑋௜௞  represents two independently moving target trajectories in the image sequence 𝑘 , as 
shown in Figure 2. 

Let 𝑥௜௞  represents the projected coordinates of the sequence point 𝑋௜௞  on the image, and 
according to the correlation between the coordinates, the trajectory of the moving target can be 
represented in the form of a vector: 𝑇௜ = ሺ𝑋௜ଵ,𝑋௜ଶ, 𝐿,𝑋௜௡ሻ (2)

The deviation in the path represents the difference between the target and the coherent path, 
which can be used to measure the consistency of the path of the moving target. Let 𝑑௜௞ denote the 
path deviation of point 𝑖 in the image 𝑘: 𝑑௜௞ = 𝛷൫𝑥ప௞ିଵ𝑥ప௞തതതതതതതതത, 𝑥ప௞𝑥ప௞ାଵതതതതതതതതത൯ (3)

where 𝛷 is the path coherence function and 𝑥ప௞ିଵ𝑥ప௞തതതതതതതതത represents the motion vector from point 𝑥௜௞ିଵ 
to point 𝑥௜௞. The path deviation 𝐷௜ of the target 𝑖 over the whole motion can be expressed as: 

𝐷௜ = ෍𝑑௜௞௡ି௜
௞ିଶ  (4)
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For 𝑚 independent moving targets, the overall path deviation 𝐷 can be defined as: 

𝐷 = ෍𝐷௜௡ି௜
௞ିଶ  (5)

when path analysis is required for multiple targets at the same time, this can be solved by minimizing 
the overall path deviation 𝐷. 

 

Figure 2. Trajectories of two independent moving targets. 

Assuming that the video frame rate is high enough, it can be considered that the velocity and 
direction of motion of the target change smoothly between image sequences; at this time, 𝛷 can be 
expressed as: 𝛷൫𝑃௜௞ିଵ,𝑃௜௞,𝑃௜௞ାଵ൯ = 𝑤ଵሺ1 − 𝑐𝑜𝑠𝜃ሻ + 𝑤ଶ ቆ1 − 2 ඥ𝑆௞𝑆௞ାଵ𝑠௞ + 𝑠௞ାଵቇ (6)

where 𝑐𝑜𝑠𝜃 = ቚ௫ഢೖషభ௫ഢೖതതതതതതതതതതത௚௫ഢೖ௫ഢೖశభതതതതതതതതതതതቚቛ௫ഢೖషభ௫ഢೖതതതതതതതതതതതቛቛ௫ഢೖ௫ഢೖశభതതതതതതതതതതതቛ, ඥ௦ೖ௦ೖశభ௦ೖା௦ೖశభ = ටቛ௫ഢೖషభ௫ഢೖതതതതതതതതതതതቛቛ௫ഢೖ௫ഢೖశభതതതതതതതതതതതቛቛ௫ഢೖషభ௫ഢೖതതതതതതതതതതതቛቛ௫ഢೖ௫ഢೖశభതതതതതതതതതതതቛ . The angle 𝜃 , and the distance 𝑆௞  and 𝑆௞ାଵ are shown in Figure 3; the weight coefficients 𝑤ଵ and 𝑤ଶ represent the importance of direction 
coherence and velocity coherence in path analysis, respectively.  

 θ
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Figure 3. Schematic diagram of the path coherence function. 

When multiple independently moving targets are tracked at the same time, occlusion between 
targets occurs, and targets in some image frames may partially or completely disappear, which leads 
to errors in the target trajectory. Minimization of total trajectory deviation (Equation (5)) using a given 
path coherence function assumes that the same number of targets are detected in each image in an 
image sequence and that the detected target points always represent the same targets [10]. However, 
once a moving target is occluded on the image, the assumptions cannot be satisfied.  

To overcome the occlusion problem, other local trajectory constraints must be considered, 
allowing the trajectory to be incomplete in the event that the target is occluded, disappears, or is not 
detected. In this paper, according to the characteristics of the vessel’s slow motion speed on the image 
and the fact that the course will not change abruptly, it is assumed that the vessel is moving at a 
uniform speed [11–14], and the speed of each vessel is calculated based on the coordinate information 
obtained from the real-time detection of the vessel’s target. The vessel motion velocity 𝑣௜௞ is taken as 
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the motion assumption condition of the path coherence function 𝛷 ; at this time, the trajectory 
constraint of the vessel is set as: 𝛷 < 𝛷௠௔௫ (7)𝑋௜௞ − 𝑋௜௞ିଵ < 𝑑௠௔௫ (8)𝑋௜௞ାଵ = 𝑋௜௞ + 𝑣௜௞𝑔𝑡 (9)𝛷௠௔௫ is the maximum value of the path coherence function, Equation (8) represents any two 
consecutive trajectory points 𝑋௜௞ , and the displacement between 𝑋௜௞ାଵ must be less than a preset 
threshold 𝑑௠௔௫. In Equation (9), when the target trajectory is non-complete, the next frame position 
of a target 𝑖 is predicted according to the target motion velocity 𝑣௜௞ and the video frame rate 𝑡. 
3. Design of the Improved Multi-Structural Morphology Filtering Approach 

3.1. Vessel Target Detection Process 

This section includes the following steps. After a frame of image is read from the image sequence 
for vessel target detection, the Hough transform algorithm together with the OSTU-based adaptive 
threshold segmentation method is used not only to eliminate the image's superfluous lines and 
occlusions, but also to convert the image into a binary map [15,16]. Afterward, the weighted 
morphological filtering of multiple groups of structural elements is used to separate the vessel target 
from the port background. Then, based on the geometric characteristics of the vessel, the neighbor-
based adaptive fast median filtering is performed to filter out the impulse noise on the image. 
Subsequently, the connected domain labeling algorithm is performed to obtain the target information 
of the vessel and establish its morphological characteristics model. According to the target detection 
results, the vessel target is marked on the original image, and its movement trajectory is recorded. 
Finally, the processed video image is output. The detection process and the noise processing 
approach proposed in this paper are shown in Figures 4 and 5, respectively. Figure 5 establishes the 
dynamic morphological characteristic model of the vessel target to eliminate the noise interference of 
sea surface clutter on the final detection results. 

Object detection

Read the video image

Output video image

Deep Hough transform

Morphological filtering

Connected domain 
computing

Vessel path analysis Vessel target marking

Median filtering

 
Figure 4. Flowchart of the Multi-structural morphology approach. 
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Figure 5. Stray noise removal process. 

3.2. Deep Hough Transform 

The light changes and occlusion result in irrelevant lines that are eliminated by means of the 
Deep DHT [17–19]. As shown in Figure 6, let considering a 2D image 𝑌௎×௏ ∈ ℝ௎×௏; there is a straight 
line 𝑘 that can be parameterized by two parameters.  

 
Figure 6. Structure of Hough transform. (a): Characteristics in the characteristic space (blue) accrue to 
a point in the parametric space (pink) called (θ෠ , S෠୩); (b): An example of the suggested context-aware 
feature aggregation system. 𝜃 ∈ ሾ0,𝜋ሿ is the angle between 𝑘 and a distance 𝑆௞ାଵ and a distance parameter 𝑆௞ at the origin 

point 𝑃௜௞ . 𝑘  can be parameterized by bias 𝑆௞  and slope 𝜃 ; besides, a reverse mapping can be 
performed to translate any valid (𝑆,𝜃௞) pair to a line instance. The line-to-parameters and the inverse 
mapping are defined as: ൜ 𝑆௞,𝜃 ← 𝑍(𝐾)𝑘 ← 𝑍ିଵ(𝑆,𝜃௞) (10)

where 𝑍  and 𝑍ିଵ  are bijective mapping, 𝑆  and 𝜃௞  are quantized into discrete bins that are 
processed by computer programs. The quantization can be formulated as follows:   

൞𝑆መ௞ = ඄𝑆௞∆𝑟ඈ𝜃෠௞ = ඄ 𝜃∆𝜃ඈ (11)

where 𝑆መ௞  and 𝜃෠௞  are the quantized line parameters, while ∆𝑟  and ∆𝜃  are the quantization 
intervals for 𝑆 and 𝜃௞, respectively. The number of quantization levels Θ and 𝑅 can be written as:  

൞ Θ = 𝜋∆𝜃𝑅 = √𝑈ଶ + 𝑉ଶ∆𝑟  (12)

Considering the input image 𝑌, the Convolution Neural Network characteristics 𝐀 ∈ ℝ஼×௎×௏ is 
first extracted; where 𝐶 is the number of channels, while 𝑈 and 𝑉 are the spatial size. Then, the 
DHT takes 𝐀 as the input image and produces the transformed characteristics, 𝐁 ∈ ℝ஼×஀×ோ. The size 
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of the transformed characteristics Θ and 𝑅 is determined by the quantization intervals as shown in 
Equation (12) [20,21]. As displayed in Figure 6(a), for any line 𝑘 on the image, the characteristics of 
every pixel along 𝑘 are combined to (𝜃෠, 𝑆መ௞) in the parametric space 𝐵: 𝐁(𝜃෠, 𝑆መ௞) = ෍𝐀(𝑖)௜∈௞  (13)

where 𝑖 is the positional index. Equation (11) determines 𝜃෠ and 𝑆መ௞ based on the characteristics of 
the line 𝑘, which are quantized into discrete grids by Equation (12). According to the number of 
quantization levels Θ and 𝑅, there is a unique line of candidates denoted Θ ∙ 𝑅 [22]. For all these 
candidate lines, the DHT is performed; and their respective characteristics are associated with the 
corresponding position in 𝐁. In Figure 6(b), characteristics in neighboring lines in characteristic space 
are converted to neighboring points in parametric space. In parametric space, a simple 3 × 3 
convolutional operation makes it easy to capture contextual information for the center line (orange). 
It should be noted that DHT is order-independent in both characteristic space and parametric space, 
making it highly parallelizable [23]. 

3.3. Weighted Morphological Filtering 

Weighted morphology or mathematical morphology consists of a set of morphological algebraic 
operations that simplify image data, maintain the basic shape properties of images, and remove 
extraneous structures for analysis and recognition purposes [24]. Morphological filtering uses 
nonlinear algebra tools to correct the signal by using the local characteristics of the signal; it can 
effectively filter out the noise in grayscale images [25]. According to the basic mathematical 
morphological operations, various transformation operators can be derived, such as the combination 
of expansion and corrosion, and morphological open and closed operations can be derived. These 
morphological operations can be applied to analyze and process image processing algorithms related 
to shape and structure, including image segmentation [26], feature extraction, edge detection, image 
filtering, etc. Let 𝑌 = 𝑓(𝑥,𝑦)  represents the input image and 𝑔(𝑥,𝑦)  represents the structural 
elements, then corrosion and expansion are defined as: (𝑓𝛩𝑔)(𝑥,𝑦) = 𝑚𝑖𝑛ሼ𝑓(𝑥 − 𝑖,𝑦 − 𝑖) − 𝑔(−𝑖,−𝑗)ሽ (14)(𝑓 ⊕ 𝑔)(𝑥,𝑦) = 𝑚𝑎𝑥ሼ𝑓(𝑥 − 𝑖,𝑦 − 𝑗) + 𝑔(−𝑖,−𝑗)ሽ (15)

Based on the principle of operation of corrosion and expansion, morphological open and closed 
operations can be defined separately as: 𝑓 ∘ 𝑔 = (𝑓Θ𝑔) ⊕𝑔 (16)𝑓 ⋅ 𝑔 = (𝑓 ⊕ 𝑔)Θ𝑔 (17)

The top-hat operation is also a classical spatial filtering algorithm derived from the basic 
operation of mathematical morphology, which is often used as a high-pass filtering operator for 
image preprocessing [27]. The operation has the effect of polishing the outer boundary of the image. 
It removes the small protrusions of the contour and compares the original image with the 
morphological image to obtain the Top-hat defined by: 𝑇𝑜𝑝 − ℎ𝑎𝑡(𝑓) = 𝑓(𝑥,𝑦) − 𝑓 ∘ 𝑔(𝑥,𝑦) (18)

Since morphological filtering is related to the size of the structure, the size of the structure 
determines the effect of high-pass filtering [28]. When selecting a structure according to the structural 
characteristics of the target in the image, the smaller the size of the structure selected, the smaller the 
size of the target that can be preserved, and the better the low-frequency background filtering effect 
in the image. The minimum target size has the following approximation with the structure: 𝑚𝑎𝑥 (𝑆௢௕௝௘௖௧) ≤ 12𝑚𝑎𝑥 (𝑆௦௧௥௨௖௧௨௥௘) (19) 

where 𝑚𝑎𝑥 (𝑆௢௕௝௘௖௧) and 𝑚𝑎𝑥 (𝑆௦௧௥௨௖௧௨௥௘) represent the maximum 2D size of the smallest target in the 
image plane, and the maximum 2D size of the structure used for morphological filtering, respectively. 
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The background suppression algorithm uses the morphological operation results to estimate the 
background components, and then subtracts it from the original image to obtain the target image without 
the background component [29]. However, when there are multiple targets in the image and the target 
size difference is large, the traditional morphological filtering of a single structural element will filter out 
the small targets at the same time as the low-frequency background, as shown in Figure 7. 
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Figure 7. Results of traditional morphological filtering. 

In order to avoid the shortcomings caused by the morphological filtering of a single structural 
element, this paper considers the difference in the geometric characteristics of the target and the 
background; and then, it adopts the weighted open operations of multiple structural elements [30]. 
Let’s consider the input image 𝑌 represented in the following equation: 𝑌 = 𝑎 ∗ 𝑦 ∘ 𝐵ଵ(𝑚ଵ,𝑛ଵ) + (1 − 𝑎) ∗ 𝑌 ∘ 𝐵ଶ(𝑚ଶ,𝑛ଶ) (20)

where 𝑎 is the weight coefficient, while 𝐵ଵ(𝑚ଵ,𝑛ଵ) and 𝐵ଶ(𝑚ଶ,𝑛ଶ) are the opening operations of 
different structures, respectively. The value of 𝑎  can be adjusted according to the ratio of the 
information entropy of the filtered image to the information entropy of the original image. The 
selection of structural elements is the key to morphological filtering. Thus, as the structural operator 
of the non-convex set cannot obtain more useful information because most of the line segments 
connecting the two points are located outside the set, this algorithm selects the cruciform structural 
elements of the convex set according to the geometric characteristics of the vessel target. The 
structural elements of 𝐵ଵ and 𝐵ଶ are as follows: 

𝐵ଵ = ൥0 1 0 1 1 1 0 1 0 010 0 1 0൩      𝐵ଶ = ቂ1 1 00ቃ (21)

The size of the structural element 𝐵ଵ is large, which will blur the edge details of the object, but 
the effect of filtering out background noise is good. The size of the structural element 𝐵ଶ is small, 
and its filtering effect is poor, but it can effectively protect the edge details of the object. The above 
two types of structural elements of different sizes are used for weighted open operation, which can 
filter out the background noise that is smaller in size compared with the structural elements. At the 
same time, the gray value of the image and the large brightness area are basically unaffected by 
filtering. Since the sea background noise is suppressed, small vessels can be clearly detected; 
however, their movements still need to be updated. Besides, this method can effectively improve the 
signal-to-noise ratio of an image by enhancing the target and suppressing background noise [31]. 
However, it does not protect the edge of the moving target signal from being blurred. Therefore, the 
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median filter is used not only to protect the edge of the moving target signal but also to filter out the 
impulse noise in the background image. 

3.4. Neighbor-Based Adaptive fast Median Filtering 

The filtering principle of the median filter is to sort the neighborhoods of a particular pixel in 
ascending or descending order and use the sorted median value as the pixel value of other pixels in 
the pixel neighborhood. That is, by selecting a filtering window, sorting the pixels in the window, 
and assigning the median value to the current pixel; the median filtering result of the entire image 
can be obtained by iterating through each pixel on the image [32]. The expression for the median filter 
is as follows: 𝑤(𝑚,𝑛) = 𝑚𝑒𝑑𝑖𝑎𝑛ሼ𝑓(𝑚 − 𝑖,𝑛 − 𝑖), (𝑖, 𝑗)𝜖𝑊ሽ (22)

In the sea surface scene of the port, there is a lot of impulse noise, which causes serious 
interference to the target detection, so before the vessel detection, the image should be preprocessed 
to enhance the vessel target and suppress the impulse noise. The traditional median filtering uses a 
fixed-size window, and the loss of subtle points in the image is obvious when filtering [33]. All the 
pixels in the window must be reordered every time the window is moved; for a window of 𝑁elements, the algorithm complexity is 𝑂(𝑁𝑙𝑜𝑔𝑁) . This algorithm does not consistently deliver 
updates as the window moves; therefore, in this paper, the fast median filtering based on histogram 
statistics is adopted. The median value is obtained indirectly by calculating the histogram of the 
pixels in the window. When the window moves, only the pixels moved in and out are updated. The 
appropriate equation is: 

𝑇௔௩௚(𝑁) = 𝑐𝑁 + 2𝑁෍𝑇௔௩௚(𝑖)ே
௜ୀ଴  (23)

𝑇௔௩௚(𝑁)  and 𝑇௔௩௚(𝑖)  are the average time complexity of quick sorting of the 𝑁  and 𝑖𝑡ℎ 
elements, respectively; 𝑐 is a constant. It has been demonstrated that 𝑇௔௩௚(𝑁) < 𝑘𝑁𝑙𝑜𝑔𝑁, where 𝑘 
is a constant [34]. The de-noising performance of median filtering is related to the density of the input 
noise signal. If the input noise signal is normally distributed and the mean value is zero, the variance 
of the output noise signal after median filtering is about: 𝛿௠௘ௗଶ = 14𝑚𝑝ଶ(𝑚ഥ) = 𝛿௟ଶ𝑚 + 𝜋 2ൗ − 1 × 𝑔𝜋2 (24)

where 𝑚 is the length of the filter window, 𝛿௟ଶ is the input noise power, 𝑚ഥ  is the mean input noise, 
and 𝑃(𝑚ഥ)  is the input noise density function. From the above formula, the median filtering 
algorithm will effectively filter out the impulse noise with a pulse width of less than 𝑚 2ൗ . 

In order to improve the median filter of fixed window size and the loss of fine points in the 
image, the method of increasing the filter window is adopted. At the same time, to avoid misjudging 
the pixels with higher pixel values at the edge of the target as noise points, the neighborhood pixels 
are used as the judgment basis for the output. For example, if the window value is [20,30,35,40,50,100], 
100 is likely to be the target edge point, which is misjudged as noise. Let 𝑓(𝑖, 𝑗) be the gray value at 
the position (𝑖, 𝑗)  in the image, 𝑤(𝑚,𝑛)  be the current filtered window, 𝑤௠௔௫(𝑚,𝑛)  be the 
maximum filtered window, 𝑓௠௔௫(𝑖, 𝑗)  and 𝑓௠௜௡(𝑖, 𝑗)  are the maximum, minimum, and median 
values of gray in the filtered window, respectively; 𝑛௠ be the number of pixels in the window equal 
to 𝑓௠௘ௗ(𝑖, 𝑗). The process of adaptive median filtering is as follows [35–37]: 
1. If 𝑓௠௔௫(𝑖, 𝑗) − 𝑓௠௘ௗ(𝑖, 𝑗) > 𝑇 where T is the threshold, 𝑓௠௘ௗ(𝑖, 𝑗) − 𝑓௠௜௡(𝑖, 𝑗) > 𝑇 jumps to step 2; 

otherwise, increase the window 𝑤(𝑚,𝑛) . Then, quickly sort the median value for the new 
window until the above conditions are met, and the output 𝑓(𝑖, 𝑗). 

2. If 𝑓௠௔௫(𝑖, 𝑗) − 𝑓(𝑖, 𝑗) > 𝑇 , 𝑓(𝑖, 𝑗) − 𝑓௠௜௡(𝑖, 𝑗) > 𝑇  then output 𝑓(𝑖, 𝑗) ; otherwise, determine 
whether 𝑛௠ > ௡௠ଷ  is true. Therefore 

• If it is true, then output 𝑓(𝑖, 𝑗). 
• If it is not true, then output 𝑓௠௘ௗ(𝑖, 𝑗). 
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3.5. Connected Domain Calculation Based on Moment Features 

The morphological features of the vessel were obtained by using the contour-based connectivity 
domain marking method [38]. The moment characteristics of the connected region are expressed as: 

𝑚௣௤ = ෍ ෍ 𝑖௣𝑗௤𝑓(𝑖, 𝑗)ஶ
௝ୀିஶ

ஶ
௜ୀିஶ  (25)

𝑢௣௤ = ෍ ෍ (𝑖 − 𝑖௖)௣(𝑗 − 𝑗௖)௤𝑓(𝑖, 𝑗)ஶ
௝ୀିஶ

ஶ
௜ୀିஶ  (26)

where 𝑚௣௤ represents the region of the (𝑝 + 𝑞)-order moment, 𝑢௣௤ denotes the central moment, 𝑖 
and 𝑗  are the region point coordinates, 𝑖௖ = ௠భబ௠బబ  and 𝑗௖ = ௠బభ௠బబ  represent the region centroid 
coordinates. In this paper, the length of the region 𝑙 = max (𝑗 − 𝑗௖), the height of the region ℎ =max (𝑖 − 𝑖௖), the aspect ratio 𝑟 = ௟௛, and the area of the region 𝑐 = 𝑚଴଴, are used to describe the vessel 
target. These four quantities form a four-dimensional target feature vector 𝑉(𝑙,ℎ, 𝑟, 𝑐) , which is 
directly deleted when it does not meet the set threshold in the binary image [39]. The feature vector 𝑉(𝑙,ℎ, 𝑟, 𝑐) must execute the vessel’s contour moment function. 

4. Engineering Application Case 

4.1. Simulation Environment and Data Acquisition  

The applications were carried out as part of the East China Sea offshore wind energy project in 
Zhangjiagang. The surveillance camera used in this application case is located in the port of 
Zhangjiagang City, at about 800 m from the vessel target. Zhangjiagang port is an important hub for 
the transportation of goods and large equipment by sea in China. This port has become one of the 
largest international trading ports in China with a large flow of vessels; the main seaworthy vessels 
are bulk carriers, container vessels, cargo vessels, etc. Figure 8 shows the video image taken from the 
port of Zhangjiagang; it is a real video that has a duration of 1 minute and 30 seconds, and its 
resolution is about 640 × 480 . As the characteristics of the simulation and development 
environment, a server was used; its memory is 4GB, the system platform is a 32-bit winXP system, 
the software implementation platform is VS2010 and OpenCV 2.4.8, and the video frame rate is 24fps. 

 

Figure 8. Original video image (Frame 200). 

4.2. Program Verification 

A total of 750 frames of images were continuously collected from the port surveillance video; 
the length of each frame is 0.28s. The basic frame used in this application is frame 200. In order to 
verify the suppression performance of background noise by each algorithm used in this paper, the 
mean square error, peak signal-to-noise ratio, and information entropy of the results obtained before 
and after the use of the algorithm are calculated. The calculation formula will be as follows [40–49]: 
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𝑀𝑆𝐸 = 1𝑚𝑛 ෍ ෍𝑓(𝑥, 𝑦) − 𝐾(𝑥,𝑦)ଶ௡ିଵ
௬ୀ଴

௠ିଵ
௜ୀ଴  (27)

𝑃𝑆𝑁𝑅 = 10 ∙ 𝑙𝑜𝑔ଵ଴ ቆ𝑀𝐴𝑋௫ଶ𝑀𝑆𝐸 ቇ = 20 ∙ 𝑙𝑜𝑔ଵ଴ ൬𝑀𝐴𝑋௙√𝑀𝑆𝐸൰ (28)

𝐸𝑁 = −෍𝑃(𝑔)𝑙𝑜𝑔ଶ௅ିଵ
௚ୀ଴ 𝑃(𝑔) (29)

where 𝑀𝑆𝐸 is the mean square error, 𝑓(𝑥,𝑦) is the original image, 𝐾(𝑥,𝑦) is the open image, 𝑃𝑆𝑁𝑅 
is the peak signal-to-noise ratio, 𝑀𝐴𝑋௙ is the maximum value of the image point color, 𝐸𝑁 is the 
information entropy of the image, 𝐿 is the total gray level of the image, and 𝑃(𝑔) is the probability 
distribution of pixels with a gray value of 𝑔. The calculation results for each algorithm, including 
morphological filtering, and median filtering method are shown in Tables 1 and 2, respectively. 

The specific steps to complete the proposed approach are as follows  

4.2.1. First Step 

Acquisition of the original video image. The input image is recorded as 𝑌 = 𝑓(𝑥,𝑦).  

4.2.2. Second Step 

Deep Hough transform based on a line detector is used to detect and remove the irrelevant line 
caused by the light change and occlusion. The sea-sky background is segmented to reduce the scanning 
area and further improve the detection efficiency. Following the translation of the DHT features into the 
parametric space, grid location (θ, r) will march to features in the feature space along a whole line. These 
tasks are performed using Equations (10)–(13). After computing, 𝑆 = 0.8, Θ = 0.688, and 𝑅 = 0.33. 
Entities close to the yellow line are translated to surrounding points near the target; the blue line separates 
the seawater from the sky. The results of this task are displayed in Figure 9.  

(a) (b)

(c) (d)  
Figure 9. Images and annotations (yellow and blue lines) of DHT. For image (a) S=0.2; fir (b) S= 0.5; 
for (c) S= 0.8; (d) is the converted image. 
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4.2.3. Third Step 

After the conversion of the image, it enters the weighted morphology process. A two-stage 
morphological filtering is performed, starting with the use of the open and close operations using 
Equations (20) and (21); the weight coefficient is 𝑎 = 0.7; 𝐵ଵ and 𝐵ଶ are the opening operations, and 𝑔(𝑥,𝑦) is the structural element. Then, the Top-hat transform is used to polish the outer boundary of the 
image utilizing Equations (18) and (19). The results of these operations can be observed in Figure 10.  

(d) (e)  

Figure 10. Results of the morphological filtering: (d) is the converted image; (e) represents the result 
after the usage of morphological filtering. 

Table 1 summarizes the morphological filtering algorithm performance.  

Table 1. Comparison of the suppression of clutter at the sea surface. 

Morphological 
filtering Algorithm

Before filtering 

After filtering

Number of 
corrugated bands  

> 20

< 10

MSE PSNR EN

6.9786.103

6.5377.103

9.7011

9.9903 3.6399

3.7717

 

Based on these results, it is obvious that the ripples (sea background noise) remaining in the 
image after using the weighted morphological filtering are significantly low. The MSE, and the 
number of corrugated bands, which are lower after filtering, confirm this. Since the image still has 
interference, thus the use of the median filter is necessary to remove them from the image. 

4.2.4. Fourth Step 

The neighborhood-based adaptive fast median filtering algorithm is adopted using Equations 
(22)–(24), to remove the impulse noise in the image. The length of the filter window is 4.9. The results 
before and after processing are displayed in Figure 11, where Figure 11 (e) is the resulting image after 
the morphological filter has been applied. It can be seen from the results that after processing, the 
random noise caused by the sky and the waves of the sea are almost all eliminated; the resulting 
profile is closer to the real target.  
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(e) (f)  
Figure 11. Results of the median filtering: (f) is the result after the use of median filtering. 

Table 2 shows the neighborhood-based adaptive fast median filtering algorithm performance. 

Table 2. Comparison of impulse noise suppression. 

Adaptive fast 
median filtering 

Before filtering 

After filtering

Number of 
corrugated bands  

> 10

< 7

MSE PSNR EN

6.5377.103

6.1832.103

9.9903

10.0441 3.4001

3.6399

 
The connected domain should be applied to locate and monitor the vessels movement in real-

time.  

4.2.5. Fifth Step 

This step consists of computing the connected domain using Equations (25) and (26); the target 
feature vector 𝑉(𝑙,ℎ, 𝑟, 𝑐) is calculated. The aspect ratio 𝑟௠௜௡ = 1.5 and the area c௠௜௡ = 3.5 are set 
according to multiple experiments. Therefore, the number of contours of multiple frames of images 
is counted and saved; and the influence of discontinuous surface clutter on the vessel detection results 
is excluded. When the target satisfies both 𝑟 > r௠௜௡ , 𝑐 > c௠௜௡  at the same time and appears in 
successive frames, it is identified as a vessel target. The detection results and the detected vessels are 
shown in Figures 12 and 13, respectively. 

(f) (g)  
Figure 12. Results after application of the connected domain: (e) represents the result after application 
of the connected domain. 
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Figure 13. Decision on the outcome of the detected vessels. 

It can be observed from the images that: 
• Figure 9(d) and Figure 10(d) are the same; Figure 10(e) and Figure 11(e) are the same; Figure 11(f) 

and Figure 12(f) are the same. 
• Figure 9(d) has more than 20 corrugated bands; Figure 10(e) less than 10 corrugated bands; Figure 

11(f) less than 7 corrugated bands; Figure 12(g) is free of corrugated bands. It means that 
corrugated bands decrease as the filtering process progresses. 

• Undesirable edges and protrusions in the target area of the vessel are filtered out. 
• The four-dimensional target feature vector 𝑉(𝑙,ℎ, 𝑟, 𝑐)  is effective as it shows the contour 

moment feature of the vessel. 
• The vessel target can be distinguished from the surface clutter by setting the aspect ratio and the 

area width of the connected area. 
• The final result show us from Figure 13 that there are seven vessels detected in this image. 
• The same process is run on frames 300 and 500; the results are shown in Figure 14; the results 

show that frames 300, and 500 have detected 6, and 5 vessels, respectively. 

 
Figure 14. Sequential decision on the outcome of the detected vessels for different frames. 

4.3. Validation of the Approach  

Surveillance cameras operate at the port; two video images (video 1 and video 2) were recorded 
at the same time late in the afternoon at about 5:20 pm. A total of 60 frames of images were 
continuously collected from both videos. The original video image is displayed in Figure 15 (video 1 
and video 2 have the same image).  
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Figure 15. Original video frame. 

4.3.1. First Phase 

The proposed approach is performed just in video 2, and not in video 1. The processing results 
and the decision are shown in Figures 16 and 17, respectively.  

(a) (b)  

Figure 16. Performance results of both videos. (a) is the processing result from video 1; (b) is the 
processing result from video 2. 

 
Figure 17. Decision on the result of the detected vessels. 
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The recorded results of video 1 and video 2 show the following: 
• In Figure 16(a), the background noise and the impulse noise are not all eliminated; while this task 

is well executed in Figure 16(b). The results from video 2 are clearly better than those recorded 
from video 1.   

• In video 1, the contrast of distant vessel targets is too low, resulting in a relatively high false 
detection rate.  

• From the analysis of processing time, video 1 uses 2.37s before deciding on the number of vessels 
for the image. Video 2 just need 1.23s before getting the number of vessels from the image. It can 
be concluded that the vessel detection method adopted in this paper can meet the requirements 
of real-time video processing. The processing time has improved for 1.14s 

• The original image and the multi-structure diagram were analyzed for significance, and the 
analysis results are shown in Figure 18. 

 
Figure 18. Significance comparison chart. 

From the image, the following can be observed:  
• The pixels of the original image are evenly distributed in a wide range of gray levels. 
• After the calculations are complete, the background pixels of the sea surface are mainly 

concentrated in a very narrow low gray level.  
• The pixels corresponding to the vessel target are concentrated at the end of the high gray level, 

which is conducive to the image segmentation between the vessel target and the background.  
• Comparatively, the improved open operations perform better than traditional open operations. 

4.3.2. Second Phase 

Four other methods, including (M.1), (M.2), (M.3) and (M.4), were applied on the same video 
image to detect the vessels at the port area. (M.1) is an effective motion object detection method using 
optical flow estimation under a moving camera (M.1) [50]. (M.2) is a motion detection in moving 
camera videos using background modeling and FlowNet [51]. (M.3) is entitled Using Three-Frame 
Difference Algorithm to Detect Moving Objects [52]. (M.4)  is an approach to ship target detection 
based on combined optimization model of dehazing and detection [53]. M.1 inserts a third frame 
between the first two to acquire the horizontal and vertical flows. The horizontal and vertical flows 
are then optimized through the use of the gradient function and threshold approach, respectively. 
Following region filling, the entire motion object boundary might be optimized using the Gaussian 
filtering technique to provide the final detection results. For M.2, a fusing technique for dense optical 
flow and background modeling method is implemented to enhance image detection outcomes. In the 
process, deep learning-based dense optical flow is applied along with an adaptive threshold and 
some post-processing techniques; this makes it possible not only to extract the moving pixels but also 
to increase computational cost. Regarding M.3, a three-frame difference algorithm that combines 
edge information is proposed to enhance moving target detection. The program uses mathematical 
morphology's expansion and corrosion to eliminate noise from images. For M.4, it uses a self-adaptive 
image dehazing module and a lightweight-improved object detection deep learning model integrated 
with the dehazing module, to detect the ship in the foggy image. 

The aim is to assess and compare the performance of the proposed approach (IMSM) with that 
of the other four methods. We assess the accuracy, recall, and F-measure of detection vessels to 
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determine the quality of each method. Matching the identified lines with the sea-truth lines is the 
initial stage. Let 𝑌 = 𝑓(𝑥,𝑦) be an image, a matching in a bipartite image is a set of edges selected so 
that no two edges share the same vertices. We aim to identify a matching such that, for every set of 
sea-truth lines (𝑆௜), there is no more than one detected line (𝑃௜), and vice versa. At present, we can 
determine true positive (TP), false positive (FP), and false negative (FN) in accordance with the 
matching of p and s. TP is defined as predicted lines (𝑃ଵ,𝑃ଶ) linked with sea-truth lines (𝑆ଵ, 𝑆ଶ). An FP 
is a predicted line (𝑃ଷ) that does not match any sea-truthline (𝑆ଷ), while a FN is a sea-truth line that 
does not match any predicted line. The formula for determining Accuracy, Recall, and F-measure are: 𝐴 = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 ,   𝑅 = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 ,   𝐹 = 2𝑃𝑅𝑃 + 𝑅 (30)

Multiple thresholds (τ = 0.01, 0.02,..., 0.99) were applied to sea-truth and prediction pairs. As a 
result, we obtain a number of F-measure, accuracy, and recall scores. The performances of each 
method are assessed based on the results obtained from these metrics. 

After applying each of these methods, the processing results are shown in Table 3.  

Table 3. Evaluation of different methods. 

Methods
Characteritics

M.1 M.2 M.3 IMSM

False detection rate

F-measure

Recall

0.052

0.817

0.882

0.040

0.801

0.877

0.094

0.788

0.819

0.040

0.821

0.882

Number of checkouts

Number of false positive

Missed detections number

59

0

2

58

0

2

56

0

5

58

0

2

Accuracy 0.916 0.930 0.863 0.942

Processing time 1.41s 1.36s 1.97s 1.23s

M.4

0.054

0.806

0.811

57

0

2

0.933

1.72s  

It is recorded that M.1, M.2, and IMSM output remarkable results. However, by comparing these 
three good approaches in depth, IMSM has the best processing time (1.23s), F-measure (0.821), and 
accuracy (0.94) compared to the other three methods. In addition, its false detection rate (0.04) is the 
lowest one. This conclusion proves the effectiveness and reliability of the proposed approach for the 
detection of vessels around the surveillance area. Besides, it is evident from the results in Table 3 that 
edge-guided refinement, irrespective of the dataset, successfully improves detection outcomes. 

5. Conclusions and Discussion 

The research on the detection method of port vessels is of great practical significance to improve the 
efficiency of the port monitoring system. According to the characteristics of port vessels, this paper 
developed an improved multi-structural morphology (IMSM) approach to effectively suppress not only 
the background noise but also congestion interference at sea. This makes it possible to accurately detect 
vessels around the surveillance area in real-time. Experiments show that the proposed approach can 
effectively detect vessels and meet the real-time requirements of video processing. Besides, several tests 
were conducted with four other different methods; the results confirmed the robustness of the proposed 
approach in terms of detection accuracy (0.94) and processing time (1.23s).  

However, the detection accuracy is not high enough; this will be even lower for smallest vessels. 
So, we believe that it is possible the further enhancing the proposed approach for the detection 
accuracy. In light of this, future work will focus on refining the structure of the proposed approach 
and improving its four-dimensional target feature vector ability for the location of smallest vessels. 
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We also plan to combine our proposed approach with deep learning techniques, such as neural 
networking, for the identification and recognition of the smallest vessels. Doing so should increase 
the algorithm's overall detection accuracy. 
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