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The ship's hull is primarily exposed to salt-laden sea spray and high moisture, making 
it susceptible to corrosion. This has become a major issue in the shipping industry, as 
corrosion weakens the ship's structural integrity, necessitating expensive maintenance 
and posing safety concerns. Despite the latest advancements in corrosion maintenance 
technology, it is essential to detect corrosion as early as possible using computer vision 
or image processing techniques. However, both approaches have limitations when it 
comes to detecting weak corrosion boundary and blurry prominent corrosion features. 
Therefore, the primary objective of this research is to accurately detect corrosion 
boundaries on the ship's hull using pixel property method. Firstly, data acquisition is 
performed to identify suspected corrosion regions on the ship's hull. Next, a threshold 
is calculated by averaging 100 corrosion images of the ship's hull. Afterward, each pixel 
in the image is analysed to determine the connected components of the corrosion 
areas. The pixel list and area coordinates are collected after analysing all connected 
components. Large connected components are merged into a single larger region using 
morphological closing and flood-fill operations. Finally, the pixel property method is 
applied using the pixel list and area coordinates to accurately detect corrosion 
boundaries on the ship's hull. According to the results, the proposed method 
successfully detected corrosion regions on the ship's hull with a high level of accuracy. 
Furthermore, the robustness of this method was demonstrated by its ability to 
segment the weak corrosion boundary and blurry prominent corrosion features on the 
ship’s hull. These findings indicate that the proposed method is highly accurate for 
detecting corrosion on ship hulls.  

 
 
 
 
 
 
 
 
 
 
 
Keywords: 
Corrosion detection; ship hull; pixel 
property method; image processing; high 
accuracy 

 
 
 
 

                                                           
* Corresponding author 
E-mail address: shahrizanj@umt.edu.my 
 

https://doi.org/10.37934/ard.129.1.148163 

https://akademiabaru.com/submit/index.php/ard


Journal of Advanced Research Design 

Volume 129 Issue 1 (2025) 148-163  

149 

1. Introduction 
 

Corrosion is a natural process that involves the gradual deterioration or destruction of materials, 
typically metals, due to chemical reactions with their surroundings [1]. This phenomenon is often 
linked to the interaction between metal surfaces and substances such as oxygen, water, acids or salts. 
Corrosion can result in the weakening, rusting or disintegration of metal objects or structures over 
time [2]. It poses a significant concern across various industries and can be expensive to mitigate or 
prevent, as it has the potential to inflict damage on infrastructure and equipment [3]. Corrosion 
presents a series of substantial challenges and risks to marine structures, infrastructure and 
transportation, including ships, vessels and boats, which are continually exposed to the corrosive 
marine environment. The ship's hull, in particular, is constantly exposed to salt-laden sea spray and 
high moisture levels, making it susceptible to corrosion [4]. Its repercussions encompass diminished 
structural integrity, heightened maintenance expenses, reduced lifespan, safety hazards, 
environmental impacts, disruptions in navigation and economic costs.  

In recent years, there has been extensive research into new methods of corrosion detection, 
particularly in the realms of computer vision and image processing [5]. Computer vision and image 
processing techniques have emerged as comprehensive and valuable approaches for assessing, 
monitoring and managing the impact of corrosion on a ship's hull and metallic components. This 
approach involves various steps, including the acquisition of digital images, pre-processing to 
enhance image quality, segmentation to isolate areas of interest, feature extraction to characterize 
corrosion patterns, corrosion detection and quantification and the visualization and reporting of 
results. This technology not only aids in identifying and evaluating corrosion but also supports 
proactive maintenance and decision-making, contributing to the safety, reliability and longevity of 
maritime vessels in the challenging marine environment [6]. Furthermore, the primary features of 
computer vision and image processing for corrosion detection are based on the colour and texture 
of surfaces [7]. 

In the literature, a wide range of computer vision and image processing techniques have been 
employed for detecting cracks and corrosion on ships and vessels. Several computer vision methods 
[8-10] have been tailored for crack detection on concrete surfaces with elongated and narrow shapes, 
while image processing techniques have been applied to detect corrosion on metallic surfaces, such 
as ship hulls and decks. Previously, the image processing method known as the saliency mechanism 
was introduced by Bonnin-Pascual et al., [11] and it has been demonstrated to provide superior 
precision in corrosion detection compared to other conventional approaches based on texture and 
colour. This method utilizes symmetry and contrast as features to filter out non-defective areas in 
vessel structures. A Bayesian framework and probability density function were employed to combine 
both top-down and bottom-up saliency for the detection of corrosion and coating breakdowns. 
Comprehensive reviews of the saliency mechanism for corrosion detection can be found in papers by 
various authors [12,13]. Meanwhile, Jamaludin et al., [14] utilized an active contour method to 
accurately segment the corrosion boundaries in noisy and blurry images of ship corrosion. Both pre-
processing and segmentation methods were employed, specifically the Wiener filter to eliminate 
Gaussian noise and blurry elements in the image. Subsequently, active contour techniques were 
applied to refine the remaining boundaries for detecting defective areas. The results indicated that 
the performance of the proposed method improved when the corrosion boundaries were clear and 
prominent. Detailed reviews of the active contour segmentation can be found in research papers [15-
17]. 

Nevertheless, both methods are contrast dependent. Generally, corrosion images are captured 
in non-cooperative and uncontrolled environments due to factors such as sunlight, illumination and 
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wave conditions. The camera's position, lighting conditions and distance all play a significant role in 
creating ideal datasets. These conditions can affect the image quality by introducing non-uniform 
contrast, potentially reducing the effectiveness of both methods. Consequently, both techniques 
have limitations when it comes to detecting weak corrosion boundaries and blurry prominent 
corrosion features. Moreover, the RGB (red, green and blue) and HSV (Hue, Saturation, Value) colour 
spaces require conversion for corrosion detection, which can increase computational complexity and, 
in turn, affect execution time. In addition, both methods employ two approaches; texture and colour 
features for corrosion detection in corrosion images. This necessitates more execution time to 
identify the defective and non-defective areas due to the additional processes and complex 
algorithms required for corrosion identification. Therefore, this research makes significant 
contributions in terms of segmenting weak corrosion boundaries and blurry prominent corrosion 
features in ship hull corrosion images while maintaining a fast-processing time. As a result, the 
research's objective is to accurately detect corrosion boundaries on ship hulls with minimal 
processing time using the pixel property method.  

 
2. Methodology  
2.1 Image Acquisition 

 
Firstly, digital images of ship hull corrosion will be captured using a camera. Several ships and 

boats will be selected for collecting these corrosion images, with the assistance of a corrosion 
inspector. These images will be organized into a dataset in both jpeg and tiff formats, with a 
resolution of 640 x 480 pixels. Ideally, the captured images should be free from any noise or 
interference [18]. However, in a real-world environment, noise and interference are common in 
images due to factors such as illumination, sensor size and target distance. Typical types of noise in 
digital images include Gaussian, impulse, Poisson, speckle, salt-and-pepper, shot, quantization, film 
grain, anisotropic and periodic noise [19-23]. Since this research aims to investigate the robustness 
of the proposed algorithm in non-cooperative and uncontrolled environments, these types of noise 
will be prevalent in the collected dataset. The selected corrosion images are illustrated in Figure 1. 

 

 
Fig. 1. Noisy corrosion images in the collected dataset 

 
2.2 Pre-Processing with Wiener Filter 

 
Pre-processing involves a set of techniques and operations applied to an input image before the 

actual analysis or manipulation of the image's content [24]. The primary objective of pre-processing 
is to enhance the image's quality, make it more suitable for a specific task or eliminate unwanted 
artifacts or noise. Pre-processing plays a pivotal role in object detection, including corrosion 
detection [25]. Therefore, pre-processing is essential for improving the quality of corrosion images in 
the collected dataset. 
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In this research, the Wiener filter will be employed to deblur noisy corrosion images. The Wiener 
filter is a deconvolution technique that can reduce image blurriness by estimating and reversing the 
effects of blur in the frequency domain [26]. This method is effective when a good estimate of the 
point spread function (PSF) and noise characteristics are available. However, it may have limitations 
in real-world scenarios where blur and noise patterns are complex or unknown. Consequently, this 
research will modify the existing algorithm to determine suitable parameters for unknown blur, 
estimated PSF and noise patterns. Striking the right balance between reducing blur and avoiding 
noise amplification in the process is crucial. Figure 2 illustrates an example of a pre-processed image 
using the Wiener filter for a corrosion image on a ship hull.  

 

 
Fig. 2. Pre-processing corrosion image from left to right 

 
2.2.1 Blur element identification 

 
Firstly, the blur element is identified from defocus and motion blur elements. Since the images 

are captured using a digital camera while ships and vessels are docked and moored, they are often 
affected by motion blur. Therefore, motion blur is more commonly associated with the images in the 
dataset. Following this, the PSF is determined by estimating how a point source of light is spread in 
the image. The estimated PSF will be used for comparison with the noisy corrosion image. 

 
2.2.2 Frequency domain conversion 

 
Next, the Fast Fourier Transform (FFT) is applied to convert both the estimated PSF and the noisy 

corrosion image from the time domain to the frequency domain. FFT is chosen for its higher efficiency 
compared to the more commonly used Fourier Transform (FT). 

 
2.2.3 Noise power spectrum (NPS) estimation 

 
Following that, the power spectral density (PSD) is computed based on the distribution of noise 

power across multiple frequencies. The characteristics of the noise are estimated using statistical 
distribution and additive noise. Additive noise is a basic noise model that simulates noises occurring 
in nature. 

 
2.2.4 Filter calculation 

 
Then, the Wiener filter [27] is used to attenuate the low frequency components and amplify the 

high frequency components of the noisy corrosion image. The formula for the Wiener filter, denoted 
as H (w) is defined in Eq. (1): 
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𝐻(𝑤) =
𝐺(𝑤)

𝐺(𝑤)+𝑁(𝑤)
             (1) 

 
Where, G(w) is the FT of corrosion image and N(w) is the calculated NPS. 

 
2.2.5 Filter employment 

 
For filter employment, the point-wise (element-wise) multiplication is used where the Wiener 

filter is multiplied with the Fourier transform of the noisy corrosion image. Both elements must be in 
the frequency domain. 

 
2.2.6 Inverse Fourier transform 

 
Finally, the inverse Fourier Transform is applied to the product of the filter employment in the 

spatial domain. This process enhances the quality of the noisy corrosion image in the dataset, 
reducing the blur effect to reveal the prominent corrosion features in the image. 

 
2.3 Corrosion Segmentation with Pixel Property 

 
The pixel property method is a computational technique used to determine pixel values in digital 

images [28]. This method is employed for image segmentation because it can precisely identify the 
location of each individual pixel in an image. Its algorithm calculates the boundary, centroid and area 
of all connected components in both contiguous and non-contiguous regions of an image. 
Additionally, it can measure circularity, convex area, convex hull, eccentricity, Euler number, extrema 
points, ferret properties orientation, perimeter, pixel list and solidity in an image.  

In this research, the pixel property method is employed to accurately segment corrosion regions 
in ship hull images. Pixel property is a valuable technique for assessing corrosion pixels in images. 
However, non-uniform and mixed contrast can lead to incorrect identification of corrosion and non-
corrosion pixels. As a result, this research will enhance the existing algorithm to effectively 
differentiate between corrosion and non-corrosion pixels in images. The steps involved in the pixel 
property method are explained in the following subsections. 

 
2.3.1 Assign threshold 

 
Firstly, a set of 100 ship hull corrosion images from the dataset is used for training to obtain a 

specific threshold. Assigning a threshold is necessary because the non-uniform and mixed contrast 
present in each corrosion image can compromise the accuracy of corrosion region segmentation. 
Contrast normalization based on the assigned threshold helps reduce segmentation errors in images 
with non-uniform and mixed contrast. Subsequently, all values from the training are averaged to 
calculate and establish the threshold. The formula for the assigned threshold, denoted as T is defined 
in Eq. (2): 

 

𝑇 =
1

𝑛
∑ 𝑎𝑖
𝑛
𝑖=1               (2) 

 
Where, ai is the contrast threshold of corrosion image, i and n is the number of ship hull corrosion 
images. 
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2.3.2 Pixel list 
 
Subsequently, pixel properties of image regions are measured based on the assigned threshold. 

This method supports pixel properties for both contiguous and discontinuous regions. It measures 
only connected components, blobs and objects while ignoring others. All connected components, 
blobs and objects are also defined as a set of foreground pixels in a binary image. Following that, 
pixel neighbourhood connectivity is determined using the assigned threshold. Pixel neighbourhood 
connectivity specifies which other pixels each pixel is connected to. In this research, 8-connected 
neighbourhoods are used for pixel neighbourhood connectivity to accurately measure unique objects 
in 2-D corrosion images. This is particularly suitable for 2-D images where pixels are considered 
connected if their edges or corners touch. Two adjacent pixels are considered part of the same object 
if they are both on and connected along the horizontal, vertical or diagonal directions [29]. On the 
other hand, 4-connected neighbourhoods are less effective in this research because pixels are 
connected only if their edges touch. Two adjacent pixels are part of the same object if they are both 
on and connected along the horizontal or vertical direction [30]. The choice of pixel neighbourhood 
connectivity is crucial as it can influence the boundaries and the number of connected components 
in an image. Therefore, post-processing in the pixel property method may vary depending on the 
selected pixel neighbourhood connectivity. 
 
2.3.3 Corrosion seed 

 
From the obtained pixel list, only the properties of centroid, area and pixel coordinate are 

selected to determine the corrosion seed in the ship hull corrosion images. These properties are 
measured for each connected component, object and labelled region of both binary and grayscale 
images. The objects in the binary image are sorted from left to right based on the top-left extremum 
of each component. In cases where multiple objects share the same horizontal position, the function 
then sorts those objects from top to bottom and again along any higher dimensions [31]. The 
centroid, area and pixel coordinates of all connected components, blobs and objects in the image are 
analysed to determine the largest corrosion region in the image. Finally, the identified largest 
corrosion region in the image is designated as the corrosion seed. The corrosion seed, CS is defined 
in Eq. (3): 

 
𝐶𝑆 = ∑ 𝐶𝑖

𝑛
𝑖=1               (3) 

 
Where, Ci is the corrosion region in the corrosion image, i and n is the total number of detected 
corrosions in the corrosion image, i. 

 
2.3.4 Post-processing 

 
After the corrosion seed and all corrosion regions are detected, post-processing steps involving 

morphological closing and flood-fill are applied to enclose and delineate the boundaries of each 
corrosion region in the image. Firstly, the corrosion image is complemented and expanded to connect 
all bright regions within the detected connected components, blobs and objects using morphological 
closing. Subsequently, flood-fill is employed to fill all dark regions with the nearest neighbour pixel. 
Both methods utilize 4-connected neighbourhoods for pixel neighbourhood connectivity. The 
morphological closing is the closing of an image, A by a structuring element, B as defined in Eq. (4): 
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 A B A B B                 (4) 

 
Where, ⊕ is the dilation and ⊖ is the erosion.  

 
2.3.5 Develop skeleton and curvature data 

 
Finally, the accurate corrosion regions are obtained by developing boundaries from the skeleton 

and curvature data. These boundaries are generated during the post-processing stage for both the 
corrosion seed and the corrosion regions within the image. The skeleton and curvature data of the 
corrosion regions are then derived from these created boundaries, allowing for the distinction 
between the corrosion and non-corrosion regions in the ship hull corrosion image. This approach 
enables a more in-depth exploration of the prominent corrosion features, facilitating the extraction 
of additional corrosion characteristics from the images. 

 
2.4 Experimental Configuration 

 
The configuration of the experimental setup, including the workstation, software and hardware, 

is detailed in Table 1. An experiment was conducted using a dataset consisting of 500 ship hull 
corrosion images. Within this dataset, 50 corrosion subjects were selected, with each subject 
featuring 10 different positions showcasing similar corrosion features. The selected dataset exhibits 
variations in orientation, off-angle views, reflections, motion blur and non-uniform contrast, making 
it inherently noisy and challenging to segment.  

 
Table 1 
Experimental setup 
Environment Configuration 

Operating system Windows 8.1, 64-bit 
Processor Intel Core i5-4690K 
Graphic unit GTX 960, 4 GB DDR5 
Memory 16 GB DDR3, 1600 MHz 
Software Matlab 2023b 

 
2.5 Performance Evaluation 

 
The performance of the proposed method is assessed through both qualitative and quantitative 

evaluations. In the qualitative evaluation, precise corrosion boundaries are visually presented for the 
ship hull corrosion images. All corrosion regions are displayed using the vis boundaries function, while 
the non-corrosion regions are excluded. Meanwhile, for quantitative evaluation, the segmentation 
accuracy and execution time are calculated based on the images. The formula for segmentation 
accuracy, Si is defined in Eq. (5): 

 

𝑆𝑖 =
1

𝑟×𝑐
∑ ∑ (𝐼(𝑥, 𝑦) ⊗ 𝐺(𝑥, 𝑦))𝑐

𝑦=1
𝑟
𝑥=1           (5) 

 
Where, I(x,y) is the segmented ship hull corrosion image, G(x,y) is the ground-truth image, r x c is the 
image resolution in pixels, r is the row of the image and c is the column of the image [32]. The ground-
truth image comprises manually created corrosion boundaries using a human interface. Both I(x,y) 
and G(x,y) are Boolean XORed to determine the segmentation accuracy of the proposed algorithm. 
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After that, the average segmentation accuracy, S is computed by averaging Si over N. The formula for 
this calculation is defined in Eq. (6), 

 

𝑆 =
1

𝑁
∑ 𝑆𝑖
𝑛
𝑖=1               (6) 

 
Where, N is the total number of ship hull corrosion images. In this study, 500 images were used in 
the experiment, so N = 500. However, the number of images can be increased based on the 
preliminary segmentation accuracy results.  

The stopwatch timer function in Matlab is used to measure the time performance of the proposed 
algorithm. It records the current time and then utilizes the recorded value to calculate the elapsed 
time. This function is called multiple times to calculate the median of the measured time. It also 
computes the individual CPU time for each thread and sums across all threads. In order to improve 
the time measurement efficiency, the developed algorithm is put into a function instead of measuring 
it in a script or command line of Matlab.  

 
3. Results  
3.1 Corrosion Segmentation 

 
The results of corrosion segmentation on selected ship hull images are illustrated in Figure 3.  
 

 
(a) 

 

 
  (b) 
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(c) 

Fig. 3. Corrosion segmentation results (a) before 
segmentation (b) after segmentation (c) corrosion levels 

 
According to Figure 3(b), the proposed method successfully segmented accurate corrosion 

boundaries in the ship hull corrosion images. The algorithm effectively detected the prominent 
corrosion boundaries of small, medium and large corrosion regions in the images. Surprisingly, it also 
identified weak (green), moderate (orange), high (yellow) and severe (red) levels of corrosion regions 
while excluding low-level corrosion regions from its detection as shown in Figure 3(c). Furthermore, 
the proposed method not only recognized clear boundaries and distinctive shapes of corrosion 
regions but also detected weaker boundaries and complex shapes in the images. It could localize 
multiple corrosion regions that intersected with each other and differentiate non-corrosion elements 
such as stamping marks, scratches and rough surfaces, leaving them out from the detection. On the 
other hand, the algorithm effectively excluded the effects of coating and paint bubbling, blistering, 
chipping and peeling from automatic detection. It also remained efficient regardless of different 
colour schemes on the ship hull surfaces, not detecting darker colour schemes as corrosion regions 
in the images. Consequently, shadow and non-uniform contrast in the images were also excluded 
from the detection. The presence of periodic noise in the images did not trigger false detections as 
corrosion boundaries. Even though periodic noise contained numerous prominent horizontal 
boundaries, the algorithm managed to discriminate against them. Moreover, the algorithm 
successfully characterized blurry prominent corrosion features. The motion blur in the images was 
reduced using the Wiener filter, allowing the algorithm to detect the blurry corrosion boundaries. It's 
worth noting that the developed algorithm was only implemented on corrosion images in RGB 
format. This streamlined the complexity of the algorithm by avoiding the need for multi-conversion 
into various colour spaces such as binary, grayscale, XYZ (X, Y and Z axis), HSL (hue, saturation 
and lightness), HSV (hue, saturation and value), YUV (Y component luma and 
two chroma components U and V), YCbCr (luma component, blue-difference and red-
difference chroma) and CMYK (cyan, magenta, yellow and key) for each image in the dataset.  

Several factors may contribute to the obtained results. Firstly, the proposed method managed to 
segment the accurate corrosion boundaries with multiple interference and noise in the images 
because of the effectiveness of pixel property method in predicting and then calculating corrosion 
seed. The obtained corrosion seed determined the most corroded region in the image. Then, the 
remaining corroded regions in the image were detected from the corrosion seed. The origin of 
corrosion searching direction also started from the corrosion seed. The accurate corrosion 
segmentation also contributed from the contrast normalization from the assigned threshold. The 
proposed contrast normalization helped the algorithm to deal with the non-uniform and mixed 
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contrast in the images. It normalized the surface contrast and managed to improve the quality of 
corrosion surface. Consequently, even weak corrosion boundaries in the images could be detected 
as reported in Jamaludin et al., [33]. It's worth noting that this method shares similarities with 
machine learning and deep learning techniques that employ training samples to train algorithms and 
gain knowledge. However, our training approach was more precise, as it combined computer 
processing with a knowledge-based model of corrosion experts, rather than relying solely on 
computer calculations and processing. Furthermore, the proposed algorithm benefited from efficient 
pre-processing to mitigate the effects of motion blur on the images. This significantly improved the 
algorithm's ability to detect blurry prominent corrosion features in the images. Post-processing also 
played a vital role in closing and delineating the boundaries of each corrosion region within the 
images, enhancing the detection quality of the pixel property method, particularly for discriminating 
moderate, high and severe levels of corrosion features. This finding aligns with the work reported in 
Jamaludin et al., [33], which emphasizes that post-processing can enhance detection quality. 
However, it's important to note that the detection of corrosion rate levels was not addressed in their 
study. Therefore, in this research, the proposed method has made a significant contribution to 
improved detection quality by effectively distinguishing moderate, high and severe levels of 
corrosion features, while excluding low-level corrosion regions from its detection mechanism.  

Meanwhile, Figure 4 illustrates the process of detecting corrosion boundaries in the ship hull 
corrosion images. In Figure 4(a), the detected corrosion regions are displayed, with red markers 
representing boundaries derived from the skeleton and curvature data. The skeleton and curvature 
data of the corrosion regions played a critical role in distinguishing between corrosion and non-
corrosion regions in the images, revealing the prominent corrosion features. Meanwhile, Figure 4(b) 
shows the skeleton and curvature data from the pixel property method. The origin or starting point 
of the algorithm to search the moderate, high and severe levels of corrosion regions initiated from 
the corrosion seed. Then, the algorithm grew outward or expanded from the corrosion seed until it 
reached the maximum limit of image boundaries. During this process, it calculated and analysed 
every pixel within the search region to locate every corrosion region accurately. For that reason, the 
algorithm successfully detected the remaining corrosion regions in the images.  
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(a)                                                                                         (b) 

Fig. 4. Corrosion segmentation result (a) Created boundaries (b) Corrosion regions with 
pixel property 

 
In summary, the proposed method successfully detected weak corrosion boundaries and blurry 

prominent corrosion features in the ship hull corrosion images using the pixel property method. This 
achievement can be attributed to the accuracy of the proposed method in determining the corrosion 
seed, which serves as the foundation for locating other corrosion regions within the images. This 
underscores the precision and robustness of the proposed algorithm in detecting moderate, high and 
severe levels of corrosion regions even in cases with weak boundaries and blurry images. Next, the 
quantitative evaluation of the proposed method will be presented and discussed.  

 
3.2 Quantitative Evaluation 

 
The results of segmentation accuracy and execution time of the proposed method are provided 

in Table 2. The other methods in the literature are also compared in order to gain a better 
understanding of the performance and processes of each investigated method. The proposed 
method is validated with Bonnin-Pascual et al., [11] of saliency mechanism and Jamaludin et al., [14] 
of active contour.  

Table 2 
Comparison of segmentation accuracy and 
execution time 
Method Accuracy, % Time, s 

Bonnin-Pascual et al., [11] 83.78 1.43 
Jamaludin et al., [14] 88.71 1.33 
Proposed method 93.83 0.91 

 
According to Table 2, the proposed method achieved the highest segmentation accuracy than the 

other investigated methods. The proposed method recorded 93.83% segmentation accuracy. The 
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closest one was Jamaludin et al., [14] with 88.71% accuracy. Meanwhile, the method of Bonnin-
Pascual et al., [11] only recorded 83.78% accuracy. A higher value of segmentation accuracy 
percentage indicates a better segmentation process between the ground-truth image and input 
image. Other than that, it also indicates a better corrosion detection and segmentation ratio on the 
corrosion images. Any method with segmentation accuracy value above 90% is considered the most 
accurate segmentation method or algorithm. The proposed method recorded the highest accuracy 
because of the highest conflicting pixels calculated from the ground-truth and input images. The 
other factors contributed to the higher segmentation accuracy of the proposed method have been 
discussed earlier in subsection 3.1. 

As regards to execution time, the proposed method also exhibited the fastest processing time 
compared to the other methods. Specifically, the proposed method achieved an execution time of 
0.91 seconds. The closest competitor was Jamaludin et al., [14], with a processing time of 1.33 
seconds. Meanwhile, the method proposed by Bonnin-Pascual et al., [11] recorded an execution time 
of 1.43 seconds. A lower value of execution time indicates a more efficient and faster implementation 
of the investigated algorithm for accurately segmenting corrosion regions in ship hull corrosion 
images. Conversely, a higher value suggests a slower process and greater computational complexity 
of the detection algorithm. This evaluation is crucial for assessing the scalability and efficiency of the 
algorithms, enabling researchers to optimize performance and identify potential bottlenecks. 

Several factors may contribute to the obtained results. Firstly, the proposed method featured a 
less complex algorithm with fewer operations executed for detecting corrosion boundaries in the 
images. The proposed method used the pixel property method and employed less complex pre-
processing and post-processing techniques for corrosion detection. Additionally, the proposed 
method required a simple conversion between RGB and binary colour space for skeleton and 
curvature data, thereby reducing execution time. Other than that, the searching region for corrosion 
detection was minimized with corrosion seed. The searching region was determined, controlled and 
selected by the obtained corrosion seed. Because of that, the algorithm was not implemented to the 
entire image, thus reduced its computation. Contrast normalization also played an important role to 
reduce the complexity of the proposed algorithm. Less computation and processes were used as the 
contrast normalization allowed the algorithm to easily segment the foreground and background 
images with a minimum contrast difference. This finding aligns with the work reported in Hasan et 
al., [34], which highlights that detection algorithms with fewer operations and lower computational 
complexity tend to have shorter running times. However, it's important to note that the impact of 
detecting moderate, high and severe corrosion levels on the algorithm's complexity was not 
previously addressed. Therefore, this study contributes to the understanding that corrosion level 
detection does not affect the computational complexity of the detection algorithm, a point that has 
not been mentioned before. Additionally, the size of the input images in the dataset (640 x 480 pixels) 
also played a role in reducing the computation time of the proposed algorithm. The size of an input 
image in proportion to the number of operations of an algorithm also affects the algorithm's 
computation time, as demonstrated in a study reported in Jamaludin et al., [35]. However, it's worth 
noting that the impact of the corrosion seed on corrosion search time with different image sizes had 
not been previously addressed [36-38]. Therefore, this study contributes to the understanding that 
an accurate corrosion seed can effectively reduce corrosion search times, even with varying image 
sizes. 

On the other hand, Bonnin-Pascual et al., [11] and Jamaludin et al., [14] achieved lower 
segmentation accuracy and longer execution times than the proposed method. This can be attributed 
to the techniques employed by Bonnin-Pascual et al., [11], who used a saliency mechanism for 
corrosion detection. This segmentation method combined both symmetry and contrast information 
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for corrosion detection. However, some corrosion regions may presence in the low contrast regions 
in the images and these regions cannot be excluded from the corrosion detection. Because of that, 
this algorithm obtained a lower segmentation accuracy in the dataset. In terms of execution time, 
this method recorded a lower execution time than the proposed method because of the Bayesian 
framework and probability density function. Both techniques performed training on contrast and 
symmetry information, which required more processes than the training in the proposed method. 
Moreover, both top-down and bottom-up saliency were utilized for image reconstruction. In 
contrast, the proposed method selected only a few image regions from the corrosion seed, resulting 
in a faster processing time. Because of these factors, the saliency mechanism method was slower 
than the proposed method. Meanwhile, Jamaludin et al., [14] used active contour to segment 
corrosion boundaries on the ship hull images. This segmentation method required a number of 
iterations or loops to accurately segment corrosion regions. The high number of iterations increased 
the algorithm’s execution time, which also increased its computational complexity. Additionally, this 
method involved more operations to implement the active contour algorithm, further extending its 
execution time. In terms of segmentation accuracy, this method achieved respectable results. 
However, it was highly dependent on the initial contour and an inaccurate positioning of the initial 
contour could lead to reduced segmentation accuracy. Hence, active contour was found to be very 
sensitive to contour initialization.  

Overall, the proposed method achieved the highest segmentation accuracy and the fastest 
execution time for corrosion detection on ship hull corrosion images using the pixel property method. 
This occurred because of the effectiveness in detecting corrosion regions even in low contrast areas 
of the images. Additionally, the proposed method featured fewer operations and a less complex 
algorithm compared to other methods. These findings highlight the accuracy of the pixel property 
method in accurately segmenting corrosion boundaries in ship hull corrosion images while 
maintaining a speedy execution.  

 
4. Conclusions 

 
Corrosion has become a major issue in the shipping industry as corrosion weaken the strength of 

the ship’s construction. Despite the emerging of image processing, there are many limitations for 
corrosion detection in terms of segmentation accuracy and quality. Therefore, this paper proposes 
the use of the pixel property method for detecting corrosion, particularly focusing on weak corrosion 
boundaries and blurry prominent corrosion features in ship hull images. Firstly, several ships and 
boats are chosen for the collection of corrosion images. After that, pre-processing, pixel property 
method and post-processing are employed to the images. Other than pixel property method, it also 
consists of Wiener filter, morphological closing and flood-fill techniques. Finally, the proposed 
method is evaluated in terms of segmentation accuracy and execution time. The experimental data 
of pixel property segmentation for ship hull corrosion images have been presented here. The 
presented results show that the proposed method achieved the highest segmentation accuracy 
(93.83 %) and the fastest execution time (0.91 s) than the other investigated methods. The proposed 
algorithm detected the weak corrosion boundaries in the images with different shadow and 
ununiform contrast. Moreover, the motion blur effect was reduced in order to detect the blurry 
prominent corrosion features in the images. Furthermore, the searching region for corrosion 
detection was minimized with corrosion seed, thus reduced the algorithm’s execution time. The 
proposed method also featured fewer operations and a less complex algorithm compared to other 
methods. These findings underscore the proposed method's contribution to a robust, efficient and 
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rapid corrosion detection algorithm for ship hull corrosion. Future research should focus on 
conducting additional experiments to assess the algorithm's performance in the presence of rust. 
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