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Abstract: Several cameras are mounted on navigation aid buoys and these cameras can be used
for accident prevention systems by processing the images captured. The currently existing image
processing algorithms were originally designed for accident prevention on land—for example, CCTV
(closed-circuit television)—which are performance oriented. However, when it comes to ocean-based
images, navigation aids are usually located at sea and the cameras must be battery operated, and
consequently, the energy efficiency of image processing is a major concern. Therefore, this paper
proposed a novel approach to the detection of images in an ocean environment with a significantly
lower computation. The new algorithm clustered pixels to grids and dealt with grids using greyscale
rather than the particular color values of each pixel. Simulation-based experiments demonstrated
that the grid-based algorithm provided five-times faster image processing in order to detect an object
and achieved an up to 2.5 higher detection rate when compared with existing algorithms using
ocean images.

Keywords: maritime object detection; pixel clustering; grid-based image processing; navigation aids;
low power image processing

1. Introduction

As advanced IT technologies were utilized within various industries, automatic data
collection, analysis, and management became possible, and some parts of the infrastructure
of these industries were replaced by smart systems [1]. The maritime industry also actively
applies advanced technologies; for example, AI technologies are applied and developed
in the autonomous operation of maritime transport, which accounts for more than 80%
of global trade [2]. Navigation aids which were regarded as signposts for maritime trans-
portation are also combined with digital technologies [3], providing various functions
such as collecting marine data or transmitting safety information to vessels. For example,
navigation aids can be used to monitor and provide comprehensive weather and ocean
environmental information using a variety of IT equipment, which can help the fishing
industry or can guide a better route option to maritime vessels. However, accidents with
navigation aids frequently occur and primarily IUU (illegal, unreported and unregulated)
fishing boats cause the accidents [4]. Damaged navigation aids are costly to repair [5], take
a long time and cause inconvenience during the repair. This is a national loss, and therefore,
object monitoring around the navigation aids is necessary to prevent accidents. While
existing AIS (automatic identification systems) can identify objects around navigation aids,
the location of IUU fishing boats may not be reported because they usually turn off the
location equipment [6].

Another mean to identify objects around the navigation aids is using cameras on
the navigation aid buoys. With AI technologies, the utility and the importance of image
processing arise for accident detection and pre/post disaster assessment. Various image
processing techniques are applied to images captured from cameras for disaster detection
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and analysis. For example, [7] analyzed the massive rock and glacier ice collapse in India
which occurred in 2021 and found the three primary causes of the tragic disaster. The
satellite images, eyewitness videos and their image processing results primarily contributed
to the post disaster assessment. Cameras on navigation aids extend to visually collect [8]
and observe marine environment information such as fog, clouds, sea ice and green algae.
In addition to environmental information, maritime information (for example, maritime
vessels traffic) is also available, and therefore, cameras are an indispensable element of
navigation aids, as shown in Figure 1. For example, NDBC (National Data Buoy Center)
manages navigation aids using BuoyCAM2 cameras mounted on buoys, which captures
360 degrees every 5 min and transmits six different images on land every hour [8].
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on a weather buoy; (b) Coastal storms nearshore buoy system; (c) Close-up of the costal storms
nearshore buoy system.

Although the transmitted data are checked by the center on land, data are typically
used to determine the cause and time of an accident after [9]. Therefore, there are demands
to develop a navigation aids accident prevention system using cameras mounted on buoys.
Although various method such as AIS, radar and infrared were also considered [10],



Electronics 2023, 12, 2002 3 of 19

cameras are most beneficial because they provide visual information as well as affordable
price [11].

Therefore, the scope of this paper is image processing from the visual information
captured by cameras for maritime object detection. The object detection using visional
in-formation is highly affected by the amount of light in images. Consequently, the perfor-
mance of object detection algorithms varies according to weather conditions. Therefore,
image processing algorithms are typically designed to be specialized to a specific weather
condition such as rain [12], intensive cloud [13], fog [14] and night time [15]. This paper
focuses on the object detection within the context of a sunny weather conditions from
sun-rise to sunset.

2. Literature Review
2.1. Three Types of Object Detection

Maritime object detection commonly consists of three steps: horizontal line detection,
maritime object detection and AI applications. The purpose of line detection is to remove
areas of the not-interested part based on the detected line [16]. This shortens the ROI (region
of interest) in an image, which leads to reducing the complexity and the scope for the object
detection [17]. Therefore, the performance of line detection algorithms is important for
object detection results [18]. Canny edge detection [19] and Hough transform [20] are
commonly used to detect horizontal lines. As Figure 2 shows, Canny edge detection detects
contours in the marine image [19] and then, additional correction is performed using filters
such as a Gaussian filter in order to remove contour lines which are recognized as noises in
a horizontal line detection process. The cloud in the image is not recognized, since the color
difference between sky and cloud is not well defined compared with the color difference
between sky and ship or sea and sky. Therefore, the edge of cloud is not detected in the
process of edge detection algorithms. Finally, among the remaining contours, one or more
straight and transverse components are found through Hough transform. The result of
Hough transform provides the two coordinates of the start and end points of each detected
horizontal line. The straight line found through Hough transform is above an object in
Figure 2, not on the actual horizontal line. This is the disadvantage of that the threshold
values required for Canny edge detection need to be set manually. The Otsu [21] algorithm
can be applied to compensate for this shortcoming and it sets the thresholds to appropriate
intermediate values using pixel histogram of an image. By analyzing pixel histogram of
an image, the optimized threshold value can be found, which minimizes the distributions
of two classes (for example, object class and background class). Then, pixel values of
the two classes are presented in a binarized image based on the threshold value. Otsu
is relatively simple and effective, so that it is widely applied in image processing [22,23].
Muhuri et al. [22] identified the amount of snowfall of Himalayas in different seasons using
SAR (synthetic aperture radar) images of the Himalayas. Otsu is used to detect and decide
the snow-covered areas in the images and builds the snow map. With the Otsu algorithm,
the study does not need to manually find a threshold, which allows accurate and efficient
detection of snowfall in the images. Henley et al. [23] identified an object by using lights
and shadows reflected from the hidden space behind the obstacle which hides the object.
In this study, Otsu detected shadows and estimated the object by using the shadows. This
enabled the separation of shadows and 3D reconfiguration by quickly finding the optimal
threshold in images without complex computations.
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The next step was object detection, and background subtraction method [24] is com-
monly used. Although background subtraction is able to detect objects without the line
detection step, it usually uses the line detection to remove the unnecessary part [25]. Back-
ground subtraction differentiates moving parts and constant parts in consequence images
and assumes the constant part is a background. Background subtraction requires high
computation volume and is difficult to apply if an object does not move [26].

Owing to the rapid development of deep learning image recognition technologies,
there are various AI object detection studies for navigation aids using cameras [27–30].
High-performance image processing techniques using deep learning have demonstrated
their effectiveness in various research; however, they require significant computation
volume and power for it. Existing object detection studies are performance-oriented and
they did not sufficiently consider the computation volume. For example, YOLO (You
Only Look Once) which uses CNN (convolutional neural network)-based deep learning
showed good performance in terms of detection accuracy and fast image processing at the
same time [30,31]. However, the performance was measured using the high specification
computers with GPUs (graphics processing units) for the deep learning computation. When
YOLO was executed using a low performance imbedded board without GPUs, its detection
ability dramatically dropped [32].

2.2. Comparison of GLC and Literature Review

Figure 3 summarizes Section 2.1 and includes the reference numbers discussed in the
section. The first two steps were Canny edge detection and Hough transform. Hough
transform detects one or more lines from the result of Canny edge detection. Next, the
position of the detected line is provided to an object detection algorithm. By using the
position, the algorithm tries to find an ROI of the object in an image and locates ROI to
an AI algorithm. Finally, the AI algorithm identifies the object in the ROI and evaluates
the accident risk of the object. If the AI algorithm judges that the object could lead to an
accident with the navigation aid, it alerts the datacenter on land.
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The literatures reviewed in Section 2.1 were originally designed for the object de-
tection of land images. When compared to the operation of electronic devices through a
continuous power supply on land, power supply at sea is significantly limited due to the
characteristics of the marine environment. Navigation aids need to maintain the accident
prevention system for a long time with limited energy such as solar energy or batteries.
Therefore, it is difficult to apply existing high-performance algorithms [33] and so, low
energy consumption-oriented research for the ocean object detection is necessary [34,35].
Therefore, this paper proposes and develops a novel image processing algorithm for acci-
dent prevention systems mounted on navigation aids. The algorithm is called grid-based
low computation (GLC), which detects a maritime object using significantly lower com-
putation. The ultimate goal of the GLC is to locate the ROI of an object in a marine image
from the mounted cameras with low complexity. GLC uses a grid-based approach to
reduce the computation volume and can also ignore potential errors caused by the moving
background of the sea. GLC replaces the first three steps of the existing systems in Figure 3
but not the last step which does not necessarily operate all the time.

This paper consists of five sections. Section 3 explains the original design of the GLC
algorithm including three sub-sections describing pixel clustering, greyscale conversion,
horizontal line detection and maritime object detection. Section 4 demonstrates the perfor-
mance of the GLC algorithm by comparing representative algorithms in terms of detection
process time as well as detection accuracy. Section 5 provides the conclusion of this paper.

3. Grid-Based Low Computation Algorithm

The aim of the GLC algorithm is to reduce the volume of computation. Therefore,
this paper proposes a new approach to simplify object detection processes as much as
possible, but to the extent that locating the ROI is available. We propose pixel clustering
and greyscale conversion in Section 3.1, simplifying line detection in 3.2, and detecting a
maritime object from the reference line and, finally, GLC provides the ROI information.

3.1. Pixel Clustering and Greyscale

In most existing algorithms used to analyze images, the largest amount of computation
is gained from reading every pixel value of an image [36,37]. Therefore, GLC converts
the pixel-based images to grid-based. We name this process pixel clustering and Figure 4
shows an example of it. Clustering pixels is advantageous in that it reduces the operation
of reading all pixels to only the number of grids and, therefore, requires less computing
volume. Rather than detecting subtle changes in every single pixel, detecting changes in
grids brings about better speed performance in object detection and ignores fine noises
from within the moving background. Once an image is received from the cameras, GLC
should resize it to 500 × 500 and then, pixel clustering is conducted using 25 × 25 grids.
The number of grids is chosen by the experiments described in Section 4.3.
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Figure 4. Grids by pixel clustering and greyscale converted image: (a) a resized 500 × 500 image
from a camera; (b) the image after 25 × 25 pixel clustering; (c) greyscale converted image.

Figure 4a is the resized images and GLC clusters the pixels into grids, as shown in
Figure 4b. Next, as shown in Figure 4c, GLC converts three color (i.e., green, red, blue)-
based grids to greyscale based through Equation (1). The result of Equation (1) represents a
single grid and it is used to compare with other grids in order to detect a horizontal line
and an object.

GreyScale_Mean = (Green + Red + Blue)/3 (1)

Figure 5 illustrates a simple example of pixel clustering. If 4 × 4 color pixels are
clustered into 2 × 2 grids, calculating the average number of pixels in a greyscale grid is
performed using Equation (1). In the area highlighted in green in Figure 5, 218 is an average
value of the four pixels (221 + 220 + 216 + 217), ignoring anything after the decimal point.
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Figure 5. An example of pixel clustering and greyscale process of GLC algorithm: (a) 8 × 8 pixels
before pixel clustering; (b) 2 × 2 grids after pixel clustering.

Here, it is helpful to mention that GLC is a novel approach: the difference between
Figures 2 and 5 shows that GLC uses a totally different concept compared to existing
algorithms.

3.2. Horizontal Line Detection

Horizontal line detection is essential to detect maritime objects. GLC approximates
the position of the horizon using the greyscale value of grids as shown in Figure 6. After
the process described in Section 3.1 (i.e., Figure 6a), the GLC first sums the greyscales of
every X-axis grid and generates the average figure for it: for example, one row colored in
red in Figure 6b. The grid value of the grids in the X-axis is merged, so that every row has
one average value as shown in Figure 6c. The line having the highest variation is assumed
to be the point between the sky and the sea and detected as a horizontal line. The average
greyscale is quickly calculated because only simple integer values are used. As a result of
Equation (2), the horizon colored in red in Figure 6c is detected, since GLP assumes that the
point having the largest difference is the position of horizon [38]. The greyscale difference
between sky and cloud is less distinct than the difference between sea and sky, so that GLC
does not easily detect a horizon line in the sky area.

Y mean pixel difference = |yi+1 − yi| (2)
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3.3. Maritime Object Detection

For maritime object detection, this paper assumes that:

• GLC is able to detect a vessel when it floats on the horizontal line: this is a practical
assumption since the speed of a maritime vessels is typically much slower than vehicles
on land;

• Input images from mounted cameras must have a horizon line: the target application of
the GLC algorithm is navigation aids accident prevention systems which are assumed
to be located in sea and surrounded by horizon lines in 360 degrees.

The maritime object detection is conducted by searching through only two rows: the
upper and lower rows of the horizontal line detected in Section 3.2, as shown in Figure 7.
The manner of searching is similar in Section 3.2, only the direction of the search is different.
In Figure 7, the difference of every adjacent grids in each row is calculated using Equation (3)
and the results are added together. For example, the sum of Equation (3) results of the
upper row was 87 and that of the lower row was 95. The sum of the lower row was larger
than the upper row, which implies that the greyscale value changes in the lower row are
more distinct. Therefore, GLC searches an object in the lower row and a point where the
greyscale value rapidly changes could be noise or an object. The changes are random and
relative; therefore, we refer to the experiment results and set the threshold value to 20.
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larger than 20. The ROI is the part of the image and GLC informs an AI algorithm of it and
then, the AI algorithm will identify what the object exactly is.
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3.4. Overall Process Description

Figure 9 shows the overall process of GLC. Images from cameras were resized to an
optimized size which is determined in each algorithm. Resizing is a typical process of image
processing algorithms [39]. For GLC, images are resized to 500 × 500 pixels and resizing is
conducted using the OPENCV 4.1 library which is commonly used in image processing
algorithms [40,41]. Next, the image pixels are clustered into 25 × 25 grids. Optimizing the
number of grids is comprehensively demonstrated in Section 4.3. Horizontal detection and
object detection are conducted as explained in Sections 3.2 and 3.3. The final outputs of
GLC are the (x,y) coordinates of the two end points of a detected vertical line. The number
of detected vertical lines can be one or more. AI algorithms can use the information to
identify the object and evaluate the accident risks.
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4. Experiments
4.1. Experiment Environments

The experiment environment was based on the OPENCV 4.1 library in the Raspbian
Buster OS on the Raspberry-Pi4 embedded board. The test data set consisted of 100 images,
including 65 images with an object and 35 images without an object, of which some
examples are shown in Figure 10. The resolution of every image was 500 × 500 pixels.
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4.2. Experiment Result Definitions

Figure 11 provides four different examples of the experiment results in 25 × 25 grids.
Four graphs in Figure 11 show the greyscale changes of each image in a row using MATLAB.
Four images in Figure 11 are greyscale in the process of GLC; however, this paper used color-
based pictures for the reader’s better understanding. Table 1 summarizes the experiment
result definitions.

Table 1. Experiment result definitions.

Horizon Decision Object Decision

65 images having an object
Success: GLC decides a line within a grid where a horizon exists
Success: GLC decides a line within a grid where an object exists

Success: GLC decides one object
where the object exists

Fail: any other cases

Fail: any other cases Fail

35 images having no object
Success: GLC detects a line within a grid where a horizon exists

Success: GLC decides no object

Fail: any other cases

Fail: any other cases Fail
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• Figure 11a: there is an object in an image and GLC detects the horizon within a grid in
which the actual horizon exists. GLC decides there is an object in the image because
the result of Equation (3) is larger than 20, where the object exists. This paper defines
this case as ‘horizon decision success’ and ‘object decision success’.

• Figure 11b: there is an object in an image and GLC detects the horizon within the grid
in which the object exists. This error occasionally occurs with GLC as well as existing
algorithms when the object size or the hue contrast of the object is large. In this case,
however, GLC still has the possibility of successfully detecting an object in an image.
The aim of GLC is to locate ROI rather than finding an accurate coordinate of a line;
therefore, this paper defines this case as ‘horizon decision success’. GLC successfully
detects the object where the object exists and so, the object decision of this example
image is ‘object decision success’.

• Figure 11c: there is no object in an image and the result of Equation (3) is always less
than 20. Therefore, this paper defines this case as ‘horizon decision success’ and ‘object
decision success’.

• Figure 11d: there is no object in an image and GLC successfully detects a horizon.
However, GLC decides there is an object because reflection on the surface makes
noises. GLC makes a wrong decision and will misinform the AI algorithm. This paper
defines this case as ‘horizon decision success’ and ‘object decision fail’.

4.3. GLC Performanc Evaluataion

In order to evaluate the performance of GLC according to the number of grids, the
different number of grids were applied, as shown in Figure 12.
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(c) 25 × 25 grids; (d) 50 × 50; (e) 100 × 100.

Figure 13 shows the results of detection performance of the GLC algorithm according
to the number of grids. The two upper graphs in Figure 13 are the results of 65 images
which had an object and two lower graphs are the results of 35 images which had no object.
The horizon detection rate of GLC was steady according to the number of grids, which
implies that the performance of GLC to detect horizon is reliable. ‘Horizon decision fail’
cases of GLC were primarily caused by light; for example, a sunset or light reflected on the
surface. The reasons for horizon detection failures will be discussed in detail in Section 4.4.

In terms of object decision, as the number of grids is smaller, such as 5 × 5, the size
of the grid becomes larger, and thus, the boundary of a grid may be expressed vaguely,
resulting in a low object detection rate. On the other hand, the higher the number of grids,
the more precise detection is available, which is advantageous for small object detection;
however, misdetection can occur due to ignorable noises. Therefore, the medium number
of grids (25 × 25) shows the best performance of the detection rate.

Most cases of ‘object decision fail’ with 65 images occurred when an object was small
because it was far away. However, in this case, the object was expected to be detected when
the vessel comes closer to the camera, so it becomes an appropriate size to detect. Another
reason for object decision fail was caused by light noise such as sunset or light reflected on
the surface. Other noise types caused by wave bubbles, clouds, etc., are mostly temporary,
so that they can be alleviated in a short time. In the case when the noises are nonepisodic,
object detection failure can be a possibility.

The horizon detection processing speed of GLC is shown in Table 2. The processing
speed results are the average values which represent process speed for one frame. As the
number of grids increased, the processing speed showed a tiny increase. However, if the
lower performance embedded processer than Raspberry-Pi4 is used, the processing time
difference becomes larger.
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Figure 13. GLC performance comparison with different number of grids: (a) horizon detection results
of GLC according to the different number of grids for 65 images having an object; (b) object detection
results of GLC according to the different number of grids for 65 image having an object; (c) horizon
detection results of GLC according to the different number of grids for 35 images having no object;
(d) object detection results of GLC according to the different number of grids for 35 images having
no object.

Table 2. GLC processing speed comparison.

The Number of Grids Horizon Detecting Processing Time
(1 Frame)

5 × 5 grids 8.5 ms
10 × 10 grids 9.0 ms
20 × 20 grids 9.3 ms
25 × 25 grids 9.4 ms
50 × 50 grids 9.5 ms

100 × 100 grids 11 ms

4.4. Horizon Detection Performance Comparison

In this section, GLC using 25 × 25 grids is compared with (1) Canny edge detection +
Hough transform and (2) Canny edge detection + Hough transform + Otsu. Canny edge
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detection and Hough transform are not able to detect an object in an image (please refer
to Figure 3); therefore, only horizon detection performance is compared in this section.
The same dataset (65 images with an object and 35 images without an object) is used for
performance comparison.

For a fair performance comparison, the second horizon decision success case in Table 1
(i.e., Success: GLC decides a line within a grid where an object exists) is excluded in
the criteria of success in this section because it is not a suitable criteria for Canny and
Hough algorithms. Considering the algorithm features of Canny edge detection + Hough
transform, although more than two horizontal lines are detected, if they exist within a grid
where the horizon exists, it is defined as ‘horizon decision success’.

A threshold pair of Canny edge detection is given to (150, 150), and the comparison
result is shown in Figure 14. When Otsu is applied, Otsu chooses a different threshold
pair for each image. GLC achieves up to 2.5 times higher object detection performance
compared to other existing algorithms.
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Figure 14. Horizontal line detection results of three different algorithms: GLC outperforms other
algorithms in terms of the detection rate: (a) horizon detection results of three different algorithms
when images have one object; (b) horizon detection results of three different algorithms when images
have no object.

Table 3 describes the detailed reasons for horizon decision failures. The most common
reason for other algorithms is that they cannot detect the horizon (Reason 3 in Table 3),
which means the result of those algorithms does not have any horizontal line in an image.
The reason for this failure is that the algorithms use a fixed threshold pair. To obtain the best
performance from those algorithms, the available range of the two variables must be tried
and then, the best pair can be found; however, this experiment fixes the pair to (150, 150) for
the best processing speed time. This result demonstrates that these algorithms can provide
an optimized performance for fixed images on land; however, these are not appropriate in
the constantly changing environment. On the other hand, the GLC algorithm is designed
to detect one line at the end; therefore, the failure due to no horizon is not something that
occurs with GLC.
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Table 3. Horizon detection fail reasons.

Reason of Horizon Detection Failure 25 × 25
Grids

Canny
Hough

Canny
Hough
Otsu

With an object

R1: Horizon is detected within a grid where the object exists. 23 2 2

R2: Horizon is detected within a grid where the object or horizon does not exist. 2 6 4

R3: No horizon is detected 0 41 36

With no object
R2: Horizon is detected within a grid where the horizon does not exist. 8 0 3

R3: No horizon is detected 0 22 14

The error that occurs when the horizon is detected on an object (i.e., Reason 1 in Table 3)
occurs to every algorithm. For GLC, this error is the primary case because GLC simplifies
the image process and the accuracy is lower than other algorithms. However, this case
does not necessarily mean that the object decision is not available for GLC. Considering the
purpose of GLC, this paper uses the images of Reason 1 for the object detection experiment.
Reason 2 was caused by light noise in all algorithms.

Table 4 compares the processing speed of these existing algorithms and GLC. GLC
achieves five times faster processing speed than the existing universal line detection al-
gorithms. Canny edge detection and Hough transform are optimized for line detection,
which provide more accurate detection of the horizon position than the GLC algorithm but
have a slower processing speed due to the high volume of their computation. Although the
Otsu algorithm can relieve the problem, the processing time performance GLC is still much
faster, primarily owing to the unique grid-based approach by pixel clustering.

Table 4. Horizontal line detection speed result comparison.

Algorithm Canny + Hough Canny + Hough + Otsu GLC

Time 51 ms 47 ms 8.5~11 ms

The experimental results vary depending on the processor performance. If they are
compared on low-cost processors, the results will show a larger difference in speed. This
implies GLC becomes more efficient when GLC is operated in a very limited and low-cost
embedded system which is expected to consume extremely low amount of energy.

4.5. Object Detection Performance Comparison

This section compares the object detection performance of GLC having 25 × 25 grids
to an object detection algorithm called CCL (connected component labeling) [42]. CCL
aims to detect a maritime object for the purpose of accident prevention and is based on
a horizon detection method. CCL is a color-based algorithm and it generates labels and
tags them to pixels according to pixel colors and then groups the similar labels based on
its pre-defined threshold value. CCL shows a good performance in the maritime object
detection rate; however, it requires the high volume of computation.

Figure 15 shows an example of object detection using CCL. From the original image
from a camera in Figure 15a, a horizon line is detected in Figure 15b, so the potential ROI
in the image can be minimized based on the detected line, as Figure 15c shows. CCL can
be applied to detect an object at this step and the object detection result is shown in a box
format, as shown in Figure 15d.



Electronics 2023, 12, 2002 16 of 19Electronics 2023, 12, x FOR PEER REVIEW 15 of 18 
 

 

(a) (b) (c) (d) 

Figure 15. Example of CCL algorithm for the object detection: (a) the original image from a camera 
and it is resized; (b) Horizon detection result; (c) The process to detect an object based on the de-
tected line; (d) Object detection result which is indicated in boxes. 

For the experiment in this section, the horizon detection for CCL was conducted us-
ing Canny edge, Hough transform and Otsu, since this combination showed the best per-
formance in Table 4. Table 5 compares the object detection experiment results. The number 
of images for which GLC successfully makes the object decision was greater than CCL. 
However, it was caused by the limitation of the horizon detection algorithms rather than 
the CCL object detection capability. GLC can detect a horizon line and an object at once; 
however, CCL was not involved in horizon detection. Therefore, it is not fair to state that 
GLC object detection performance was better according to the experiment results in Table 
5. 

Table 5. Object detection performance comparison. 

 65 Images with an Object 35 Images with No Object 

Horizon detection success 
GLC CE + HT + Otsu GLC CE + HT + Otsu 

63 images 25 images 28 images 18 images 

Object detection success 
GLC CCL GLC CCL 

57 images 18 images 27 images 11 images 

In terms of object detection time, the average time after resizing an image to object 
decision was measured. GLC significantly outperformed CCL because of the large amount 
of time required for horizon detection before CCL, as Table 6 shows. CCL is based on the 
horizon line method, which means the algorithms must be applied after the horizon de-
tection. Therefore, the line detection time is included in the result to fairly compare to 
GLC. Although setting apart the line detection time, the average object detection time of 
CCL for the 100 images was 2.7 times greater than the time GLC requires for both line and 
object detection. This result obviously demonstrates that GLC is an extremely energy ef-
fective algorithm by reducing the complexity of the detection processes using a novel grid-
based method. 

Table 6. Object detection speed result comparison. 

Algorithm Canny + Hough + Otsu + CCL GLC (25 × 25 Grids) 

Time 
71 ms  

(47 ms: line detection 
24 ms: object detection) 

9 ms 
(line and object detection) 

5. Conclusions 
As navigation aids were digitalized, they developed beyond a signpost to provide 

various functions. However, once an accident occurs with navigation aids, it leads to a 
high cost in terms of time and expense because a human must visit the site to repair any 
damage and the navigation aid buoy itself is a very expensive piece of equipment. For 

Figure 15. Example of CCL algorithm for the object detection: (a) the original image from a camera
and it is resized; (b) Horizon detection result; (c) The process to detect an object based on the detected
line; (d) Object detection result which is indicated in boxes.

For the experiment in this section, the horizon detection for CCL was conducted
using Canny edge, Hough transform and Otsu, since this combination showed the best
performance in Table 4. Table 5 compares the object detection experiment results. The
number of images for which GLC successfully makes the object decision was greater than
CCL. However, it was caused by the limitation of the horizon detection algorithms rather
than the CCL object detection capability. GLC can detect a horizon line and an object at
once; however, CCL was not involved in horizon detection. Therefore, it is not fair to state
that GLC object detection performance was better according to the experiment results in
Table 5.

Table 5. Object detection performance comparison.

65 Images with an Object 35 Images with No Object

Horizon detection success
GLC CE + HT + Otsu GLC CE + HT + Otsu

63 images 25 images 28 images 18 images

Object detection success
GLC CCL GLC CCL

57 images 18 images 27 images 11 images

In terms of object detection time, the average time after resizing an image to object
decision was measured. GLC significantly outperformed CCL because of the large amount
of time required for horizon detection before CCL, as Table 6 shows. CCL is based on
the horizon line method, which means the algorithms must be applied after the horizon
detection. Therefore, the line detection time is included in the result to fairly compare to
GLC. Although setting apart the line detection time, the average object detection time of
CCL for the 100 images was 2.7 times greater than the time GLC requires for both line
and object detection. This result obviously demonstrates that GLC is an extremely energy
effective algorithm by reducing the complexity of the detection processes using a novel
grid-based method.

Table 6. Object detection speed result comparison.

Algorithm Canny + Hough + Otsu + CCL GLC (25 × 25 Grids)

Time
71 ms

(47 ms: line detection
24 ms: object detection)

9 ms
(line and object detection)
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5. Conclusions

As navigation aids were digitalized, they developed beyond a signpost to provide
various functions. However, once an accident occurs with navigation aids, it leads to a
high cost in terms of time and expense because a human must visit the site to repair any
damage and the navigation aid buoy itself is a very expensive piece of equipment. For
accident prevention, existing image processing algorithms can be considered; however,
they were originally designed for accidents on land. Therefore, such algorithms do not
assume a continuously moving background. Moreover, since images recorded on land tend
to include various objects, the existing algorithms aim to provide good performance in
terms of accuracy, which brings about high computation volumes. Therefore, energy saving
is not a major concern because the power supply is easy on land. However, navigation aids
are usually located in the sea, often far from land, and the cameras are battery operated;
therefore, energy efficiency is a critical challenge. Fortunately, the images recorded at sea
tend to simply include a horizon line and an object at a moment, which does not require
high accuracy, so there is the potential to reduce the computation volume. Therefore,
this paper proposed the GLC algorithm which is optimized for ocean image processing.
GLC aims for extremely low energy consumption and, therefore, GLC uses a new grid-
based approach when compared to traditional image processing algorithms. GLC receives
images from cameras, resizes them and clusters pixels to grids to handle the images by a
larger size grid unit. Moreover, GLC uses greyscale rather than color values in order to
reduce computation volume further. GLC detects a horizon line by comparing the sum of
greyscale in each row. A line having the largest difference between two rows is assumed
as the horizon line in an image. Using the line as a reference, GLC tries to find an object
in grids which are adjacent to the reference line. If the value of a vertical line between
two grids is greater than a defined threshold, GLC provides the coordinates of the two
end points to AI algorithms for the further investigation. Simulation-based experiments
demonstrated the efficiency of the GLC algorithm compared to universal horizontal line
detection algorithms. The simulation used 100 typical ocean images and demonstrated
that GLC provided five times faster image processing to detect a horizon line and up to
2.5 times higher detection rate than existing algorithms. The main contributions of this
paper are listed below:

• This paper proposed a new image processing approach called GLC aiming for ex-
tremely low energy consumption for maritime object detection;

• The grid-based approach was optimized for maritime object detection since grids
avoid errors caused by subtle changes in the moving background;

• This paper compared GLC with existing and well-known image processing algorithms
and demonstrated that GLC significantly reduces the image processing time also can
increase the image detection rate;

• Using the GLC algorithm, navigation aids can extend their functions to long-term
accident prevention system using cameras mounted on them.

GLC intensively simplifies the object detection process. However, the ocean images
are typically simpler than images on land so that simplified process can have sufficient
abilities to detect maritime objects. Applying the GLC algorithm, the accident prevention
systems are expected to be operation for a sufficient period of time.
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