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Abstract - Vessels with video inputs or webcams have become very important responsibilities in computer vision. The problem is 
the key point in using object tracking as a match. Marine surveillance systems are useful to enhance the security of ports, airports, 
dealers, and war marine vessels against pirates, terrorists or attacking enemy marine vessels, as well as to prevent accidents by 
commanding marine traffic at ports and channels. One of the key components for these systems is the camera, which is cost-
effective compared to other types of sensors. This two-step work comprises a wavelet transform and scalar transformation (SIFT) 
into an algorithm update. This algorithm draws the wavelength coefficient on the Low-Low side, then extracts the SIFT from the 
frame and calculates the match between the isolated properties of the frame. The experimental results are applied to different 
frames and under different situations then compared with various procedures such as wavelet layer and wavelet. The results show 
that the matching percentage improved compared to other methods and methods to reflect the effectiveness of simple object 
tracking techniques on experiments measuring recall of 95.3 and precision of 7.4. 
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I. INTRODUCTION 
 

From the image sources that are created, images for boat 
target detection are divided into three groups: radar images 
[1-2], infrared images [3-4] and visible images. Compared 
to the two-sided method, the advantages of the proposed 
method of visual imagery include its low cost and 
reliability. In addition, the average change [5], optical flow 
method [6] and other tracking algorithms are practical. 
However, this method is limited in some situations in the 
application due to poor image quality caused by vibrating 
image devices. Therefore, an important point is to increase 
the robustness of the algorithm with poor image quality in 
order to improve the efficiency of object detection and 
tracking. In 1990, Prewitt proposed a bimodal histogram 
method to separate the front and back sections of images 
[7]. However, this algorithm is expensive for real-time 
calculations and sensitive to light and waves. The modified 
Otsu algorithm can improve the detection speed 
thresholding [8]. Fefilatyev et al. [9] combined Hough 
transform for sea horizon detection. Niu Zhaodong et al. 
[10] proposed a method for estimating local line 
segmentation for detection, Sea horizon detection. This 
algorithm improves the accuracy of sea horizon detection in 
the context of low signal-to-noise ratio (SNR). Ma Zhongli 
et al. [11] proposed to extract and memorize the time 
properties. Comaniciu et al. [12] proposed methods for 
tracking targets using algorithms. With the average change 
in which the color of the default target square has been 
weighted to the histogram, the accuracy of concealing the 
target can be resolved using a Kalman filter [13]. Belmar 
Garcia-Garcia et al. [14] suggested the use of background 
subtraction to address the identified challenges faced in 
reality, the current background models utilized, as well as 

provide research opportunities. Urška Kanjir [15] suggested 
measuring the category of geometric and spectral features of 
the identified segments and to exclude all non-vessel 
segments dependent on the importance of the region 
segments. L. Steccanella [16] offered two steps: (1) a pixel-
wise division of the prevailing image employed to create a 
binary mask to divide water and non-water areas, (2) the 
mask is evaluated in order to discern the location of the 
waterline, which is then used to identify objects. However, 
sliding averages are available to determine the shape of the 
initial goals for own algorithm. It takes a long time to 
actually use. Therefore, the algorithm may be too difficult to 
achieve automatic tracking and needs to be improved. 

A detailed description of the presented methodology will 
be provided in section II as a literature review and 
weaknesses of current techniques. Overview of the methods 
used in this document is given in Section III. Section IV 
offers the new proposed algorithm. In Section V an 
experimental evaluation of the proposed project is given 
with the conventional method using key elements as shown 
in figure 1 and using an input image follows in figure 2. 
Section VI shows the Results and Discussions and the final 
section shows Conclusions and Future Work.   
 

 
Figure 1. Key elements of a comprehensive video surveillance system 
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Figure 2. Input image of each frame. 

 
 

II. LITERATURE REVIEW AND WEAKNESSES OF 
CURRENT TECHNIQUES 

 
There are presently a number of technologies for 

identifying objects in an image using local features, such as 
modifying resized properties and adding stronger features. 
These algorithms have made it possible to discern objects in 
the physical universe in pictures that are resistant to 
different camera views, obstructions, and lighting. Local 
features between images are connected. To decide the main 
pairing supported by a geometry search, fit and line up the 
general object in the image correctly. These techniques are 
likely more advanced, so the expectation is that many 
industry-based applications that use the images will be 
enabled. However, traditional methods that use unique 
identifiers match the focus of classifying just a few image 
objects. These procedures cannot precisely help to detect 
artifacts in the SURF images. [17] A superior variant of 
SIFT is needed (Scale Invariant Feature Transform). [18] 
While SURF includes wavelet response, high-speed output, 
real-time calculations, and rotation efficiency are not in the 
same plane. Another way to identify the system is the HOG 
(Histogram of Oriented Gradients). HOG is employed for 
human discernment involving circular HOG and HOG 
rectangles. The variance between them is that the trash can 
be kept unchanged. [19] The SIFT feature can be applied to 
reduce the number of SIFT properties for face recognition 
tasks. [20] This method examines several irrelevant features 
that will be matched to simplify computation and increase 
perceived accuracy.  [21] They are typically defined by 
form, color and texture, or are practiced in samples using 
attributes such as hair. To track objects while observing 
them through multiple cameras, Neelam V et al. [22] 
proposed an algorithm for detecting objects. S. Qi [23] 
suggested extracting candidate zones; salient signals known 
as visual saliency may be illuminated. F. Bi [24] suggested 

using bottom-up ocular recognition, where potential 
portions of objects are derived from the candidate site. In 
order to distinguish the candidates for the marine vessel, 
two additional cues are utilized. Its local context is essential. 
To use it, a similarity-based strategy is used along with a 
strategy to assess the presentation. Maritime operation is 
demanding. The volatile and uncertain existence of the 
ocean helps make its mathematical modeling complicated. 
The pictures caught by the cameras are not satisfactory on 
the grounds that the nearness of clamor and mess brought 
about by the hardware gear or by the unfavorable natural 
condition, for example, tempests, dimness and low glow, the 
white froth, the adjustment in lighting conditions, the steady 
difference in every pixel esteem brought about by waves, 
the nearness of items that drift over the sea, the 
extraordinary fluctuation of certain sea vehicles highlights, 
for example, size, mobility, appearance, geometric shape, 
the low complexity of the picture caught by the cameras or 
between the marine vehicle and the foundation and the 
nearness of feathered creatures, mists, mist and airplane that 
emerges promptly over the skyline thwart the locator and 
tracker. This paper proposed a shrewd answer for vessels 
location issue in ocean, by utilizing PC vision innovation. It 
comprises of an ongoing notice framework created by 
utilizing AI with the energizing (Scale Invariant Feature 
Transform (SIFT) include indicator [25] and Random 
Sample Consensus (RANSAC) [26] calculations.  

For moving detection review in BTV, Archana et al. [27] 
predicted a stronger object tracking operation. In order to 
track the ball, logical AND procedure was adapted between 
the generated background and the image contrast, from 
which the ball applicants are uncovered using threshold 
values and dilated. Finally, the ball could be tracked. Player 
detection was done from AND findings by discovering the 
largest hunk and filling the whole detected object by 
ejecting the small one and tracking the players oriented on 
the curves. Wu-Chih Hu et al. [28] implemented a feature-
centered moving object tracking technique. Here, moving 
object areas were obtained using an integration scheme 
oriented on the foreground feature points and the foreground 
regions, which were obtained using an image differential 
plot. At that stage, a compensation scheme based on the 
acceleration history of the persistent motion contours 
obtained from three back to back frames was implemented 
to improve the area of moving objects. Texture features 
were discovered using a refining scheme together with the 
lowest bounding box. Finally, in the lowest bounding box, 
moving object tracking was achieved using a Kalman filter 
based on the center of gravity in the moving object area. 
Faeghe Sardari et al. [29] proposed an object monitoring 
technique focused on a metaheuristic framework. Here, 
GbSA (galaxy based search algorithm) looks via state space 
by replicating the motion of a spiral galaxy to identify the 
ideal state of the object. The proposed system looks through 
every particle filter video frame. It receives the current 
frame and the time data that is observed with the previous 
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frames as input and seeks to find optimal object state in each 
frame. Guang Han et al. [30] anticipated a robust object 
tracking algorithm in view of the low-appearance local 
region model. In this algorithm, the target is segregated in a 
few sub-regions, and the scanty dictionaries are often 
accomplished by clustering in each sub-region. Significant 
object samples will be placed in the layout set. If the 
specimens are not important, they should not be placed in 
the template set, even if the template set is not full. At this 
time, the patch templates are used to extract the time domain 
data of the object as the measured whole by using a sparse 
coefficient histogram patch template. In this way, it can give 
a reliable template concept and get a good candidate object. 
Consequently, the approach will efficiently deter the target 
from being absolutely abandoned. Both qualitative and 
quantitative evaluations of demanding video sequences 
show that the planned tracking algorithm was effective 
against several state-of-the-art systems. 
 

III. OVERVIEW 
 

A. Hough Line Transformation [31] 
 
There is a common perception that a marine vessel will 

appear on the sea horizon. Thus, we wish to locate the sea 
horizon in order to detect the location of a marine vessel 
target. Besides, the sea horizon appears to be a line in the 
image, which may be identified using the Hough Line 
Transform algorithm. The central premise of the Hough 
Line Transform method for detection of straight line is to 
convert the Euclidean space to parameter space. If a line in 
the image is defined by points whose coordinates satisfy the 
equation (1): 
 

. . 	                       (1) 
 
where 	is the line to origin distance. (  is the angle from 
the x axis to the normal vector of the line. After calculating 
the parametric matrix of the parameter space, the optimal 
parameters of the straight line are addressed by looking for 
the maximum accumulation point in the parameter space, 
which is considered to be the sea horizon shown in figure 3 
as result of line detected using Hough line transform. 
 

B. Scale-Invariant Feature Transform (SIFT) 
 
It is proposed to use the SIFT algorithm [32] to exclude 

unresolved features for rotation, resizing, and some changes 
to change brightness and image changes to match different 
perspectives. For objects or scenes, the steps for extracting 
the SIFT feature are as follows. First, detect large values at 
different levels of the image and be the main option. The 
second set of trainings (Taylor and Hessian) is used to 
define three key points that are stable. The gradient 
alignment is assigned to the keypad using the pixels, 
proximity and finally the key point. The first step to 

detecting a key is to specify the position and scale that can 
be reassigned under different views of the same object. The 
size of the image is defined as a function derived from the 
fluctuation of the Gaussian function, a variable that has an 
input format. For efficient positioning of important points, 
we use the extrema of area size in the difference of the 
Gaussian convolved function with images and calculate the 
differences of two similar scales separated by fixed factors 
K, as shown in equation 2. 

 
, , , , , , ,
, , , , 	                  (2) 

 

    The difference of Gaussian function [29] provides a close 
approximation to the scale normalized Laplacian of 

Gaussian  as shown in figure 4. 
 

 
Figure 3. Line detected image using Hough line transformation 

 

 
Figure 4. Different scales of the blurred images and calculating DOG 

images [32] 

 
Figure 5. ’X’ indicates sample point location [32] 
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, , , , ,            (3) 

 
where σ is scale of blurring 

 

, , 	                    (4) 

 
To find the local extrema [33] (maxima or minima) 

 of each sample point, it will be compared with 8 
neighbors in the current image and 9 neighbors at the top 
and bottom levels, as shown in Figure 5. Select the extrema 
only if the current pixel is larger or smaller than the 
remaining pixels and is otherwise dumped. The position of 
the keypoint is determined to filter the keypoint that is 
sensitive to noise or does not affect the margin in the 
reference process. [34] According to Taylor, the rectangle 
can be removed with extreme intensity. The values of the 
Hessian vector and the ratios of the determinants can be 
reduced. After determining the location and size of the key, 
the next step is to set the direction of the keypoint, which 
can detect the variability of the rotation. Keypoint alignment 
is based on neighborhood information. For each extreme 
point, this level calculates the gradient of  

, 	and orientation . 
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C. Wavelet transforms 
 
WT is able to provide complex signal analysis over 

multiple periods as shown in figure 6, which can offer non-
stop field use in fields such as geophysics, astronomy, 
astronomy, astrophysics, communication, photography and 
video coding. They are the basis for new techniques in 
signal analysis and synthesis, such as compression and noise 
reduction. They can be identified after the fall of the picture 
into four different rings, as shown in Figure 7 [35-36].  
 

 
Figure 6. Sub-band decomposition of image 

 
Figure 7. Wavelet decomposition system 

 
A kernel function employed in an essential transform is 

a wavelet. The wavelet transform (CWT) of an unremitting 
signal  is specified by: 
 

, ,
∗∞

∞
   (7) 

 
with the wavelet function expressed by expanding and 
converting the “mother” function as: 
 

, √
                    (8) 

 
	being the “mother” wavelet, 	the expanding feature 

and  the conversion constraint (both real positive numbers) 
 

D. Mean-Shift [37] 
 
The way to change the average is to use a parameter-free 

clustering technique based on the gradient that is used with 
data in the FS feature area. The mean-shift algorithm views 
information as features in the FS linked to the function. It is 
an empirical probability density in which the density of the 
data space contained in the FS corresponds to the local 
maximum value or mode of data distribution. To find the 
data boundary conforming to the mode, the local up and 
down gradient algorithm is used with the empirical 
probability density function. For counting n to pi features, 
the EPDF (p) empirical probability density function has a 
kernel symmetrical radius (equation (10)) at p and a 
bandwidth h determined by the equation (10).  

1

1
( ) ( )d

n
i

i

p
EPDF p K

hnh

p



              (9) 

2
( ) . ( )

k
K a k ac                       (10) 

Where: 
kc  is a measurement. The EPDF  forms are limited to the 

positions where the slope of the EPDF  is null
( ( ) 0)EPDF p  ,  
x is the process state vector, which could have variables 
linked to the object conversion, scale and alignment as well 
as its first and second order results, u is the control vector, z 
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is the dimension route gained from the tracking algorithm, 
A is the state transition format,  
B is the state control format,  
C is the surveillance format,  
D is the dimension control format,  
w is the noise coupled with the state and v is the noise 
connected to the measure.  

 
E. Template Coordinating [38] 
 
The appropriate template in the framework of object 

tracking is taken as an indicator of a small pixel set within 
the ROI called a template. The OT model is a template that 
can be found within the ROI. The template is created with 
pixels within a simple geometric boundary. The physical 
region of candidate C, which raises the resemblance 
between OT Model M and all candidates, indicated P 
(OT(t)), the gap between Hamming, Euclidean, Cross 
Correlation, NCC-Normalized Cross Correlation, SSD-
Summ of Quadratic Differences and SAD-Summ of 
Absolute Differences is an indicator of a resemblance 
between models. 

 
F. Active Contour [39] 
 
One or more curves are used to show the vehicle contour 

active through the contour tracking method. At each frame, 
the curves move adaptively towards the location of the 
vehicle edges, which, by theory, is the area where the 
disjunction of the pixel values is higher. Trackers usually 
use the final contour spot of the previous frame as the start 
point of the reference image. The major benefit of the active 
contour is that it is insensitive to lighting differences. There 
are 2 methods to suggest the contour of the object: an 
elaborated recognition, as in the case of snakes, or an 
implicit description, such as the level function set. Snakes 
have not yet been introduced to identify marine vehicles. 
Thus, only monitoring based on the level set features will be 
discussed in this work. 
 

IV. THE NEW PROPOSED METHOD 
 

The new proposed method improves tracking with 
matching that will affect the detecting of motion from the 
sequence. A diagram for the detection of motion is shown in 
Figure 15, which separates the wavelet transform coefficient 
(WT) of the image. The character (SIFT) of the image is 
described and then the descriptors of the current frame are 
compared with the preceding frame by measuring the 
Euclidean distance amongst the features to detect the 
wavelet transform motion. The image data is preserved by 
the LL side and the edge data is retained by the HH side. 
[40] The SIFT feature is separated from the test frame and 
compared to the SIFT properties of the reference frame or 
background frame. For point indicator, the Euclidean 

distance is used to determine the distance between the two 
carriers, according to “Eq. (11)”: 
 

2( , ) ( )i i
t

d x y x y                    (11) 

 
V. EXPERIMENTAL METHODOLOGY AND 

SOFTWARE TO OBTAIN RESULTS 
 

The experimental environment consists of Windows 
XP2, MATLAB 2016a, and 100 test images. The first 320 * 
240 test kits compare the matching detection and the speed 
of the dots between the updated SIFT algorithms. 
Traditional pick scenarios such as zoom, rotation, transition 
of light and complex backgrounds of occlusion are used.    

So as to verify the operation of the approach based on 
SIFT and wavelet transform algorithm on corrected images, 
a contrast experiment is designed to compare the 
performance of the object tracking on the corrected image, 
which is regarded as an experiment group, and original 
image which is regarded as a test group. In this experiment, 
a video sequence of 1200 frames is recorded by our 
researchers, which are used as the original input data. Our 
researchers keep shaking the equipment while they are 
recording the video to simulate the situation offshore. The 
frames corrected by the attitude data become the input data 
in the experiment group.  

An experiment is conducted to validate the reliability of 
the target detection based on the sea horizon and the ship 
targets with wavelet transform and SIFT. We divided 4 
experiments as the evaluation metrics of calculate correctly 
described in equation (12), measure the recall described in 
equation (13), and assess the precision described in equation 
(14). 
 

_ _ _

Correct
Accuracy

number of test image
          (12) 

 
TP

recall
TP FN




                         (13) 

  
TP

precision
TP FP




                       (14) 

  
 and  denote the total number of FD and MD, 

respectively. Total denotes the total number of video 
sequences. TP is true positive as the number of marine 
vessels detected, while FN is false negative as the number of 
undetected marine vessels, and FP is false positive as the 
number of detected marine vessels.  
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VI. RESULTS AND DISCUSSIONS 
 

This study determined that the marine vessel was 
detected as overlapping between the boundaries detected 
with the true boundary box and that the route was greater 
than 30%. 

Table I shows the performance of the elimination 
algorithms such as: i) template matching shown in figure 8, 
ii) SIFT as shown in figure 9, (iii) CNN as shown in figure 
10, (iv) mean-shift as shown in figure 11, (v) active contour 
as shown in figure 12 and (vi) the proposed method as 
shown in figures 13 and 14. Table II displays the device 
reconstruction and precision for each key processing unit. 
The first track monitors the majority of the marine vessel in 
the frame section (96.8%). In Table III, comparison of the 
total accuracy rate of the sea horizon detection and ship 
detection on sea that proposed reached 91% and 94%, 
respectively, and other paper that sea horizon is extracted 
based on the Otsu algorithm and Hough transform. The ship 
location is detected based on the detection of a grayscale 
peak. Finally, the ship is automatically tracked by using the 
mean shift algorithm, reached by this paper at 98% and 
88.78%, respectively. 

As shown in the results in Table IV, comparison of the 
recall and precision rate of the ship detection on sea 
proposed recall of 95.3 and precision of 92.6. Other papers 
offered that ship location is detected based on linear Kalman 
filter algorithm. However, this paper achieved recall of 
72.76 and precision of 88.63.  

The results in Table V show the accuracy of each frame. 
These experiment results are satisfactory and invite further 
research. 

 
TABLE I. EXECUTION OF EXCLUSION ALGORITHMS (DATA 

OVER ALL SERIES) 

Algorithm Recall Precision 

SIFT 90.1 9.6 

Template Matching 86.4 13.7 

Kalman filter 90.3 11.2 

mean-shift 87.4 13.1 

Active Contour 91.6 10.9 

CNN 95.6 10.5 

Proposed 95.3 7.4 

 
 

  
Figure 8. Image tracking by Template matching filter 

 
TABLE II. DIVERGENCE BETWEEN THE OUTCOMES FOR SIFT 

WITH 2 OTHER APPROACHES 
Algorithm Recall Precision Speed (s) 

SIFT 90.1 9.6 35 

Template Matching 86.4 13.7 48 
Kalman filter 90.3 11.2 30 
Mean-shift 87.4 13.1 28 

Active Contour 91.6 10.9 33 
CNN 95.6 10.5 55 

Proposed 95.3 7.4 30 
 

TABLE III. COMPARISON OF THE RESULTS FOR WT+SIFT WITH 
OTHER PAPER CALCULATED CORRECTLY 

Algorithm Process Calculate Correctly 

Mean shift + SIFT 
[41] 

Horizon detection 98 % 
Ship detection 88.78 % 

Proposed 
Horizon detection 91 % 

Ship detection 94 % 
 

TABLE IV. COMPARISON OF THE RESULTS FOR WT+SIFT WITH 
OTHER PAPER CALCULATED CORRECTLY 

Algorithm Recall Precision 

Linear Kalman filter [42] 72.76 88.63 

Proposed 95.3 92.6 

 

 
Figure 9. Image tracking by SIFT 

 
TABLE V. PROPOSAL MATCHING RESULT 
Frame at The accuracy of proposal % 

2 95.4 
3 96.9 
4 98.5 
5 92.8 
6 91.4 
7 95.3 
8 97.7 
9 96.4 
10 97.5 
11 98.2 
12 91.5 
13 95.6 
14 93.8 
15 94.5 
16 97.2 
17 97.1 
18 94.8 
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Figure 10. Image tracking by CNN 

 

 
Figure 11. Image tracking by Mean-shift 

 

 
Figure 12. Image tracking by Active Contour 

 

 
Figure 13. Image tracking by Proposed 

 

   
          (a)                                           (b) 

 
Figure 14. (a) Image tracking (SIFT+WT) (b) Image tracking (Kalman 

filter) 
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Figure 15. Framework of the proposed methods 

 
 

VII. CONCLUSIONS AND FUTURE WORK 
 

This study presents methodologies for identifying and 
locating marine vehicles on video. The marine world is a 
very complex and diverse environment. Current sea vessel 
detection and monitoring algorithms are applied to the 
maritime environment without adequate correction, and do 
not yield effective performance. There are many cloud 
detection and tracking errors owing to all the noise and bad 
surroundings of marine vehicles floating across the ocean, 
white foam, high variability, specific maritime vehicles 
features such as size, maneuverability, image, shape and 
existence of birds, clouds, fog and aircraft directly above the 
horizon. In this paper, WT enhances images by reducing 
noise, which reflects the extraction and navigational 
tracking in the video, as shown in the experiment, with a 
matching percentage increase of almost 30 percent. The 
SIFT feature is separated from the wavelet domain. This 
reduces the processing time to track movement in the frame. 
The SIFT feature used in the experiment is based on SIFT. 
As such, we will develop it to use fewer resources to 
improve the frame. 
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