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Abstract 

Image processing technology is one of the technologies that can help facilitate and speed up human work, especially in the process 
of determining the grain size distribution of soil in a civil building plan. Its utilization has been widely used to study, analyze, and 

understand the structure and framework of the soil. Image analysis is carried out as an initial or fundamental step in image 

processing to discover and comprehend information. With so many image segmentation methods, it is necessary to conduct 

research to determine which method is best for sandy soil image segmentation based on one of the image segmentation quality 
criteria, namely gaussian image noise. By testing the watershed transform method and the Otsu thresholding method as two of the 

area-based methods that are considered suitable for segmenting sandy soil images before and after distorted Gaussian noise based 

on the calculation of the mean square error (MSE) value. The results showed that the watershed transform method is better for 

segmenting sandy soil images when compared to the Otsu thresholding method. This is indicated by the average squared error 
(mse) of 3.08 for the watershed transform method and 4.09 for the Otsu Thresholding method. In addition to the comparison of 

quality tests of sandy soil based on gaussian noise with standard deviation values of normal distribution and noise intensities of 10, 

20, and 30, it proves that the watershed transform method is still better at segmenting noise-distorted sandy soil images than the 

Otsu thresholding method. However, in terms of processing time, the Otsu Thresholding method is faster or better than the 
Watershed Transform method of the results or conclusions brief. There are no citations, tables or figures in abstract. 
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1. Introduction* 

Technology has been widely used in various fields of life and has an important role in modern life, one of which is 

image processing technology (Ni, 2021). Image processing technology is one of the technologies that can help 

simplify and speed up human work, especially in the process of extracting the distribution of grain size in a civil 

building plan (Ni, 2021). And has been widely used to study and analyze the structure of the soil framework, among 

others (Love & Matthews, 2019; Ye et al., 2018; Zavadskas et al., 2017). 

Image has an important role in the processing because the image represents an object, be it an object, place, person, 

and so on (Shukla, 2017; van Es, 2017; Zhang et al., 2018). Meanwhile, soil consists of mineral particles that range 

from less than one micron to several millimeters (Afrin, 2017; Daryati et al., 2019; Powrie, 2018). There are various 

types of soil particle sizes consisting of clay, silt, sand, gravel, and other materials that can affect soil engineering 

behavior. 

The image of sandy soil as an object of research is processed into an image using a digital camera, so it is called "sand 

soil image".The stages of sand soil image analysis are carried out through a segmentation process as the initial step or 

basic stage to find out and understand sand soil image information (Fellenius, 2017; Shukla, 2017; Zhang et al., 

2018). Segmentation divides an image into a group of homogeneous pixels in some way or method (Love & 

Matthews, 2019; Morais et al., 2019; Ravikumar & Arulmozhi, 2019). In sandy soil image segmentation, it is 

necessary to use the right method to get good soil grain segmentation results. The method used is the Watershed 

Transform method and the Otsu Thresholding method which are considered suitable for image segmentation because 

they are the two most commonly used methods by researchers and produce good results (Yuheng & Hao, 2017). The 

application of these two methods is often found in medical images (MRI, cell images, mammograms, etc.), satellite 
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images, face detection, and so on (Huang et al., 2020; Ravikumar & Arulmozhi, 2019). But its use is rarely found in 

sandy soil images (Chouhan & Kaul, 2018; Minaee et al., 2020; Morais et al., 2019; Shi-gang et al., 2018). 

Watershed Transform is a method proposed by S. Beucher and F. Mayors in 1990 (Dar & Padha, 2019; Ravikumar & 

Arulmozhi, 2019). This method is based on the gradient morphology applied to the gray image, which is considered 

as the surface topography. Using a boundary approach to detect local and regional changes to look for similarity 

pixels to distinguish the foreground from the background (Philip et al., 2021; Sachin et al., 2018). 

Watershed Transform can separate overlapping objects quickly and reliably for edge and region detection (Ravikumar 

& Arulmozhi, 2019). However, it is too segmented and sensitive to noise (Bharadwaj et al., 2021; Dar & Padha, 2019; 

Hassan et al., 2017; Ravikumar & Arulmozhi, 2019). It becomes slow and inefficient in topography with large terrain. 

Requires high memory and long processing time (Xiong & Zhang, 2019). Otsu Thresholding discovered by Nobuyuki 

Otsu in 1979 has been widely applied in image segmentation. By processing grayscale or RGB images by calculating 

the maximum variance between the foreground and background, it is proven to increase the effect of image 

segmentation  (Fellenius, 2017; Huang et al., 2021; Xiong & Zhang, 2020). 

Otsu Thresholding chose a boundary park to minimize the intraclass variance of the black and white pixel park, using 

the optimal gray value of the image and the park (Shukla, 2017). So that it can increase the operating speed and 

threshold, has noise immunity (Fellenius, 2017; Xiong & Zhang, 2020). It is suitable for lighting and surface 

detection, and saves time when detecting the foreground and background (Azizi et al., 2020; Dorgham, 2018). 

However, if the threshold is not correct, it can cause misclassification of objects and background areas, besides that it 

can become complex if the threshold level is increased (Fellenius, 2017). In the process of testing the image 

sometimes becomes a problem if the entered image is filled with noise. Noise can reduce image quality, make the 

original image distorted, and affect the preprocessing process so that the image processing process becomes slow 

(Mafi et al., 2019). There are various kinds of noise that can affect the input image, one of which is Gaussian noise, in 

addition to noise that occurs in general such as sensor images, optical defects, relative motion, shooting noise, salt and 

pepper noise, and so on (Mafi et al., 2019). For this reason, based on this background, the authors wanted to test and 

compare the Watershed Transform and Otsu Thresholding methods on sandy soil image segmentation to find out 

which method is most suitable based on one of the image segmentation quality criteria, namely gaussian noise. 

2. Material and Methods 

2.1. Research Materials  

The research material used by the author is "Land Sand Imagery" which was taken by taking 30 pictures directly in 

the field, using the original Sony Alpha A6000 camera located in Tambak Holland and Namalatu, Ambon City, 

Maluku. Image size 1920x1080, JPEG format, and RGB scale, as shown in Figure 1. 

 

Figure 1. Image of sandy soil 
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2.2. Research Tools  

The research tool used in this study was an Asus Laptop with the following hardware and software specifications: 

Hardware specifications used to test the data, as shown in table 1.  

The software used in this study are: Adobe Photoshop and Matlab. Adobe Photoshop is a graphic editor application 

developed by Adobe Inc for Windows and Mac operating systems. With various features and version development to 

facilitate image editing. This application is implemented to make it easier to edit images that will later be needed in 

the segmentation process. Meanwhile, Matlab is software that is used to perform numerical and symbolic calculations 

quickly and accurately, accompanied by sophisticated graphical and visualization features (Romero-Tarazona et al., 

2020). In this study the authors used Matlab R2014a software to support digital image visualization. The operating 

system used in this research is Windows 8.1 pro. 

Table 1. Asus Laptop Hardware Specifications. 

Computer Parts Specifications 

CPU Intel®Core™ i5-3317U CPU @1.70GHz 

GPU NVIDIA GeForce GT 635M 

RAM 4 GB 

2.3. Research Steps  

In this study the authors first conducted a literature study, then collected image data obtained by taking pictures 

directly in the field, from the image data obtained manual segmentation was carried out using Adobe Photoshop 

software, then algorithm analysis, system design, and systems were carried out. Implementation and evaluation, as 

shown in Figure 2. 
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Figure 2. Flow chart of research steps 

Literature study is the stage where the writer collects various texts from various sources related to the research in 

question. The literature collected included information on civil building planning, sandy soil classification, 

segmentation, the Watershed Transform method, and the Otsu Thresholding method. 
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Data collection was carried out to obtain sandy soil image data obtained by taking pictures directly in the field. Image 

shooting using a Sony Alpha A6000 camera, located in Telaga Holland, Namalatu, Ambon City, Maluku, with an 

original image size of 1920x1080 pixels, JPEG format, and RGB scale. Coarse-grained sand soil images consist of 

gravel with a grain size that is still included in the sand group of 4.75 mm - 76.2 mm and sandy soil whose grain size 

ranges from 0.075 mm - 4.75 mm (Daryati et al., 2019). 

The analysis of the two methods is the Watershed Transform method and the Otsu Thresholding method to determine 

the stages of segmentation with reference to the research of (Li, Zhang, et al., 2019) and (Bhagya et al., 2019). 

Following are the steps for implementing the watershed transform and otsu thresholding methods. 

For the Watershed Transform, the input image in RGB form is converted to a grayscale image, then a histogram 

alignment is performed to increase the brightness and contrast of the image to make it easier to identify objects 

(Bhandari et al., 2018; Ye et al., 2018). After that displays a gradient image. Where the gradient image is more 

effective in displaying gray image changes in an area. Using a morphological gradient, because the magnitude of the 

gradient by applying sobel edge detection is sensitive to noise (Li, Luo, et al., 2019). To facilitate the segmentation 

process, it is necessary to carry out gradient reconstruction, to improve image quality with the opening by 

reconstruction function, namely erosion followed by image morphological reconstruction and close by reconstruction, 

namely dilatation and then continued with image morphological reconstruction. This process works to remove noise 

so that the image looks smoother. 

From the results of image morphological reconstruction, the next process is to find the regional area of an image. 

Gradient images are modified by regional minima, which are also called markers(Li, Luo, et al., 2019). Define 

internal markers as foreground to help define catchment lines and external markers as background (Dorgham, 2018). 

Thresholding process to remove the background (background) from the image into a binary image (black and white). 

The black color indicates the background of the image. the goal is to separate objects or regions based on their pixel 

values (Fico et al., 2018). After that is done, a distance transformation process is needed to distance the edges of the 

object and the background so that they are not too close together. The next step is to find the watershed line, by first 

making the minimum area of the image with the imimposemin function, and the last step is widening it with the 

dilation process so that the object segmentation results can be seen clearly. 

For the OTSU thresholding method, the input image in RGB form is first converted to a grayscale image, then 

displays an image histogram that will be used to determine the threshold. Choose a threshold that maximizes class 

variation. Then calculate the probabilities and mean values for values above and below the threshold. Add the two 

variants by weight, to calculate the within-class variance for foreground and background. By calculating the mean and 

variance, to find the threshold values of the foreground and background classes, namely the within-class mean 

variance as close as possible within classes and the variances between classes or as far as possible between classes. 

Minimizing within-class variance and maximizing inter-class variance can separate objects from the background. 

Repeat for different threshold values and compare within-class variances. Furthermore, the lowest threshold value in 

class variance is chosen as the final result. 

Based on the results of the algorithm analysis, the system design and implementation stages were carried out, namely 

the first of the two algorithm methods, namely watershed and otsu thresholding, system design was carried out using a 

programming language then implemented using matlab to obtain sandy soil image segmentation results, in the form of 

sandy soil grain objects, which later can be used for further research processes, determining the size of soil particles 

and proceed to the soil classification process. 

3. Results and Discussion 

The process of testing the Watershed Transform method on sandy soil images, as shown in Figure 3. In the process of 

searching the watershed line is divided into three stages, namely image enhancement, morphological gradient and 

morphological reconstruction. Where in image enhancement, the input image in the form of a sandy soil image 

resulting from manual segmentation in RGB form is changed to an image with a gray scale, where the gray image is 

considered as a topographic relief in the segmentation of the watershed transformation. Assuming the grayscale value 

of a pixel is the height at a certain point (Xiong & Zhang, 2019). Changing the RGB image resulting from manual 

segmentation into an image with a gray scale, dividing the red, green and blue values evenly, so that a gray level value 

is obtained. After converting the image to gray scale, the next step is to improve image quality and image contrast by 

means of histogram equalization (Rao, 2020). After the image enhancement process, to display changes in the image 

area, a gradient search is carried out using a morphological gradient. From this process we can find the DAS line, but 
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it still results in oversegmentation, because of the large amount of noise. To overcome this, it is necessary to 

reconstruct the gradient image morphology using opening, closing, dilation, and erosion. This process is to overcome 

oversegmentation and noise problems, as well as its reconstruction to eliminate extreme local areas, due to noise that 

approaches the minimum and/or maximum areas (Dorgham, 2018; Ramesh et al., 2021). In the opening process, it is 

intended to be able to remove smaller soil grain objects through erosion and smooth the boundaries of objects in the 

image without changing the area of the object due to dilation. Whereas after opening-closing, it can be seen that the 

small holes in the image are not completely closed, even though it is intended to improve the contours of the image so 

that it looks smoother by dilating and removing small holes in the image by erosion. 

 
(a) 

 
(b) 

 

 
(c) 

 

 
(d) 

 
(e) 

 
(f) 

 

Figure 3. Sand Soil Image Testing Process: (a) manual rgb segmentation image; (b) Gray manual segmentation 

image; (c) Histogram alignment; (d) opening closing reconstruction drawings; (e) internal markers; (f) Watershed 

segmentation results 

After performing the opening closing process, objects in the sandy soil image appear smoother, even though the 

texture of the holes in the soil grains is not completely closed. After being reconstructed, it can be seen that the noise 

on the object has disappeared a bit even though the outline of the object doesn't look too perfect. Opening with 

reconstruction is erosion with reconstruction of image morphology and closing with reconstruction is dilatation 

followed by reconstruction of image morphology, to get an image that looks smoother and eliminates noise. 

Furthermore, the gradient image is modified with a minimum area which is also called a marker (Li, Luo, et al., 

2019). First of all look for internal and external markers as foreground and background markers to help determine the 

watershed line (Dorgham, 2018).  

The process of repairing closed and shaded objects by closing and scraping. Then look for external markers, by 

calculating the DAS transformation from the distance transformation. After that, image modification is carried out 

with minimal coercion, to eliminate noise and local aberrations which cause oversegmentation problems, by 

modifying the regional areas on internal and external markers, and the last process is determining the watershed line.  

The following is the application of the DAS transformation method to manually segmented sandy soil images, as 

shown in Figure 4. 

 

Figure 4. Image of manually segmented sandy soil 
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 The process of testing the Otsu Thresholding method on sandy soil images, as shown in Figure 5. 

 

 
(a) 

 
(b) 

 
(d) 

Figure 5. Sand Soil Image Testing Process: (a) RGB manual segmentation image; (b) Gray manual segmentation 

image; (c) Thresholding Otsu segmentation changed to gray image form 
 

The input of the sandy soil image resulting from manual segmentation is in the form of RGB, then converted into an 

image with a gray scale, by dividing the red, green and blue values evenly, so that a gray level value is obtained. From 

the sandy soil image on a gray scale or grayscale then look for the intensity histogram value. 

The histogram shows the frequency distribution of image pixel intensity values. Where the pixel intensity of the gray 

image is in the range 0-255. The image histogram looks normal because it is spread evenly over all gray degrees with 

a gray intensity value range of 10 – 170, with a total of 2,073,600 pixels. 

The main objective of the Otsu method is to find the appropriate threshold (T), by dividing it into two categories 

(classes), minimizing within-class variance (vw) and maximizing inter-class variance (vb). While Threshold itself 

aims to binary gray image to separate the foreground and background. 

Determine the possible Threshold values from the intensity of 10-170 in the TP1 image, T = 94, which is obtained 

based on the search for the largest variance value of the total sigma intensity histogram and matched with the Matlab 

graythresh level function as shown in Table 2. 

Table 2. Sand Soil Image Threshold Value 

Thresholding T=94 

σwc2 0.36 

σbc2 677.69 

This shows that the within-class image variance distance is 0.36 and the maximum variance distance between classes 

that distinguishes background and foreground is 677.69. Following is the application of the Otsu Thresholding 

method to 30 sandy soil images resulting from manual segmentation, as shown in Figure 6. 

 

 

 

 

 
 

 

 

Figure 6. Image of sandy soil with Otsu Thresholding 

To test the image quality on the watershed transform method and the Otsu Thresholding method before and after 

being given noise, it is necessary to add noise to the original image and the results of image segmentation manually 

first. The original image which is distorted by noise is then tested using the watershed transform and otsu thresholding 

methods to obtain segmentation results from the two methods which are distorted by noise. Then the results will be 

compared with manually segmented images that are distorted by noise. Giving noise is based on the research of J. S. 

Owotogbe, et al, namely gaussian noise (Joshua et al., 2019). 

Gaussian noise is noise that has a probability density function given (PDF) by a Gaussian curve. Often referred to as 

amplifying or additive noise and can also be referred to as white noise which has a normal distribution. This noise can 
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appear during image acquisition (Joshua et al., 2019). The following is the addition of Gaussian noise to the results of 

manual image segmentation with a standard deviation of 10.20 and 30, as shown in Figure 7: 

 
(a) 

 
(b) 

 
(c) 

Figure 7. (a) Manual image segmentation with gaussian noise=10 ; (b) manual image segmentation with gaussian 

noise=20;  (c) manual image segmentation with gaussian noise=30 

Giving a normal distribution standard deviation of 10,20,30 will give a deeo gaussian noise effect of 10, 20 and 30 in 

the range 0-255 and a value of 255 is the noise with the maximum level. For the Watershed Transform, it gives 

gaussian noise with a standard deviation value of normal distribution of 10, as shown in Figure 8: 

 
(a) 

 
(b) 

Figure 8. (a) Watershed segmentation; (b) Gaussian noise=30 

If we look at the results of image segmentation using the DAS transformation method shown at point (a), then 

compared to sandy soil images that experience gaussian noise with a standard deviation value of normal distribution 

(σ) = 10 at point (b), it can be seen that noise affects several markers. internal markings start to disappear and only 

mark some objects around the edges of the image, in addition the position of the waterline line also disappears and 

marks other internal marking areas. Next, gaussian noise is given with a standard deviation value of the normal 

distribution (σ) = 20, as shown in Figure 9. 

 
(a) 

 
(b) 

Figure 9. (a) Watershed Segmentation; (b) Gaussian noise distorted image (σ) = 20 

In sandy soil images that experience gaussian noise with a standard deviation of normal distribution values (σ) = 20 at 

point (b), it can be seen that the noise affects the results of watershed segmentation, namely some internal markers are 

missing and only markers. some objects in the center to the bottom edge of the image, besides that the position of the 

waterline line also disappears and marks other internal marking areas. The next process is giving Gaussian noise with 

a standard deviation value of the normal distribution (σ) = 30, as shown in Figure 10. 

 
(a) 

 
(b) 

Figure 10. (a) Segmentation of AND; (b) Gaussian noise = 30 distorted image 
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In the sandy soil image that experiences gaussian noise with a standard deviation value of normal distribution (σ) = 30 

at point (b), it can be seen that the noise has more influence on the results of watershed segmentation, namely it 

removes more internal markers in the middle and edges of the image, besides that the position of the lines the water 

limit also disappears. For OTSU thresholding, the original image is treated with Gaussian noise with a normal 

distribution standard deviation (σ) = 10, as shown in Figure 11. 

 

 

 

 

 

 

 

Figure 11. a) Otsu thresholding binary segmentation; (b) Gaussian noise (σ) distorted image 10 

If we look at the results of image segmentation using the Otsu thresholding method in binary which is shown in point 

(a), then compared with the sandy soil images that experience gaussian noise with a standard deviation value of 

normal distribution (σ) = 10 at point (b) it can be seen that the noise spreads to all parts of the image and make the 

image appear black or dark, then noise tends to cover objects in the foreground, so that image objects appear unclear. 

Furthermore, gaussian noise with a standard deviation value of the normal distribution (σ) = 20, as shown in Figure 

12. 

 
(a) 

 
(b) 

Figure 12. a) thresholding segmentation of Otsu; (b) Gaussian noise distorted image (σ) = 20 

In Gaussian noise with standard deviation (σ) = 20 which affects sandy soil images, it can be seen that noise covers 

objects more evenly and makes objects or backgrounds black or appear dark, so that objects in the image become 

unclear. Whereas for the gaussian noise testing process with a standard deviation (σ) = 30, as shown in Figure 13. 

 
(a) 

 
(b) 

Figure 13. a) thresholding segmentation of Otsu; (b) Gaussian noise distorted image (σ) = 30 

The effect of Gaussian noise with standard deviation (σ)=30 affects the image of sandy soil more than the effect of 

noise at (σ)=10 and 20, where noise covers objects more evenly and makes objects or backgrounds blacker or appear 

darker. dark, so that the small soil grains in the image are not clearly visible. 

Based on the results of testing sandy soil images after being given gaussian noise with a standard deviation of the 

normal distribution of 10.20 and 30 as well as salt and paper noise with intensities of 10%, 20% and 30%. So to find 

the average squared error value in the sandy soil segmentation image it is calculated using the mean square error value 

with the assumption that the smaller the value or closer to 0, the more similar the segmented image is to the initial 

image(Aimin et al., 2018).  Where is the nth pixel of the original image and is the nth pixel of the segmented image. 

The following is the MSE calculation for the watershed transform and otsu thresholding methods, with the results of 

manual image segmentation before noise distortion occurs as shown in Table 3. 

From the calculation results in table 3, the mean square error (mse) is obtained, based on the difference between the 

results of manual segmentation of sandy soil images and the results of segmentation of sandy soil images using the 

watershed transform method, which is 3.08, while for the Otsu thresholding method it is 4.39. This shows that the 

 
(a) 

 
(b) 
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error rate of the DAS method for segmenting sandy soil images is smaller, while the Otsu thresholding method has a 

higher error rate. So it can be concluded that the watershed transform method is better at segmenting sandy soil 

images when compared to the Otsu thresholding method. The calculation of the mse value in the watershed transform 

and otsu thresholding methods is based on the results of manual image segmentation that has been distorted by noise, 

as shown in Table 4. 

Table 3. Das and Otsu Method Before Distorted Noise 

Image to Watershed Transform Otsu Thresholding 

1 3,22 4,43 

2 4,68 6,28 

3 4,88 6,64 

4 3,85 5,28 

5 3,33 4,64 

.. ... ... 

30 1,5 2,59 

Average 3,08 4.39 

 

Table 4. Watershed and Otsu Methods After Distorted Noise 

 

Image 
Watershed Transform Otsu Thresholding 

Gaussian Noise Gaussian Noise 

 10 20 30 10 20 30 

1 2,62 2,75 2,91 4,08 4,25 4,58 

2 3,95 4,25 4,13 5,86 6,08 6,46 

3 4,22 4,49 4,94 6,22 6,44 6,84 

4 2,68 2,83 3 4,84 5,04 5,38 

5 2,32 2,41 2,5 4,23 4,43 4,74 

... ... ... ...    

30 0,86 0,96 1,16 2.54 2.7 2.98 

Average 2,30 2,46 2,67 4,10 4,29 4,62 

For manually segmented images that are distorted by gaussian noise, when tested using the watershed transform 

method for various levels of standard deviation with normal distribution, respectively 10 equal to 2.30; 20 is 2.46, and 

30 is 2.67, while for the Otsu thresholding method a row of 10 is 4.10; 20 at 4.29 and 30 at 4.62. It shows that the 

image quality in the watershed segmentation which is distorted by gaussian noise is still superior to the Otsu 

thresholding method. In addition, the higher the standard deviation level value given to the sandy soil image, the more 

it will affect the quality of the image. 

To find out how long sandy soil images can be processed, the processing time is calculated when running the 

Watershed Transform and Otsu Thresholding methods, as shown in Table 5. 

The total processing time for 30 sandy soil images obtained with the watershed transform method is 436.57 seconds 

with an average processing time of 14.56 seconds, this proves that to process sandy soil images the watershed method 

has a processing time that tends to be longer than the Otsu thresholding method has a total processing time of 30 

sandy soil images, which only takes 103.36 seconds to process with an average test time of 3.45 seconds. 

4. Conclusions and Suggestions 

Based on testing sandy soil images using the watershed transform and otsu thresholding methods, there are several 

conclusions obtained as follows: The difference in the results of manual segmentation of sandy soil images with the 

results of segmentation of sandy soil images using the watershed transform method is 3.08 and the Otsu Thresholding 

method is 3.08 4.09.  

This proves that the squared error value generated by the Watershed Transform method is smaller than the Otsu 

thresholding method. So that proves that the watershed transform method is superior to the Otsu thresholding method 
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for segmenting sandy soil images. Testing the quality of both methods based on noise, namely gaussian noise with 

various standard deviation values of normal distribution and noise intensity of 10, 20 and 30, it was found that the 

watershed transform method is better at segmenting noise-distorted sand soil images than the Otsu thresholding 

method in terms of processing time. The OTSU Thresholding method is faster or superior than the Watershed 

Transform method.  

Table 5. Processing Time for Sand Soil Image Segmentation 

 

Image 
Time (Second) 

Watershed Transform Otsu Thresholding 

1 15,74 3,86 

2 12,42 3,63 

3 17,08 3,07 

4 12,53 3,17 

5 11,31 3,13 

...   

30 14,15 2,97 

 436,57 103,36 

Average 14,56 3,45 

 

As a suggestion for further research, it can be tested and compared using the Watershed Transform and Otsu 

Thresholding methods on different images. It can also be tested for image quality based on speckle noise, poison, salt 

and paper or Gaussian noise with standard deviation normal distribution values and different noise intensity levels.  

References 

Afrin, H. (2017). A Review on Different Types Soil Stabilization Techniques. International Journal of 

Transportation Engineering and Technology, 3(2), 19. https://doi.org/10.11648/j.ijtet.20170302.12 

Aimin, Y., Shanshan, L., Honglei, L., & Donghao, J. (2018). Edge extraction of mineralogical phase based on fractal 

theory. Chaos, Solitons and Fractals, 117, 215–221. https://doi.org/10.1016/j.chaos.2018.09.028 

Azizi, A., Abbaspour-gilandeh, Y., Vannier, E., & Duss, R. (2020). ScienceDirect Semantic segmentation : A modern 

approach for identifying soil clods in precision farming. 6. https://doi.org/10.1016/j.biosystemseng.2020.05.022 

Bhagya, T., Anand, K., Kanchana, D. S., & Remya, A. A. S. (2019). Analysis of image segmentation algorithms for 

the effective detection of leukemic cells. Proceedings of the International Conference on Trends in Electronics 

and Informatics, ICOEI 2019, Icoei, 1232–1236. https://doi.org/10.1109/ICOEI.2019.8862696 

Bhandari, A. K., Maurya, S., & Meena, A. K. (2018). Social Spider Optimization Based Optimally Weighted Otsu 

Thresholding for Image Enhancement. IEEE Journal of Selected Topics in Applied Earth Observations and 

Remote Sensing, PP, 1–13. https://doi.org/10.1109/JSTARS.2018.2870157 

Bharadwaj, S., Deepika, K., & Upadhyay, K. (2021). Improved biometric iris recognition using watershed transform. 

Journal of Physics: Conference Series, 1714(1). https://doi.org/10.1088/1742-6596/1714/1/012035 

Chouhan, S. S., & Kaul, A. (2018). Soft computing approaches for image segmentation : a survey. Multimedia Tools 

and Applications. 

Dar, A. S., & Padha, D. (2019). Medical Image Segmentation A Review of Recent Techniques , Advancements 

International Journal of Computer Sciences and Engineering Open Access Medical Image Segmentation : A 

Review of Recent Techniques , Advancements and a Comprehensive Comparison. July 2019. 

https://doi.org/10.26438/ijcse/v7i7.114124 

Daryati, D., Widiasanti, I., Septiandini, E., Ramadhan, M. A., Sambowo, K. A., & Purnomo, A. (2019). Soil 

characteristics analysis based on the unified soil classification system. Journal of Physics: Conference Series, 

1402(2). https://doi.org/10.1088/1742-6596/1402/2/022028 

Dorgham, O. (2018). Proposed Method for Automatic Segmentation of Medical Images. 2018 International Arab 



Tomasila |  JINAV: Journal of Information and Visualization, 2022, 3(1): 81–92 

91 

Conference on Information Technology (ACIT), 1–5. 

Fellenius, B. (2017). Book. Basics of Foundation Design. Lulu. Com., 91. 

Fico, G., Montalva, J., Medrano, A., Liappas, N., Cea, G., & Arredondo, M. T. (2018). EMBEC &amp; NBC 2017. 

IFMBE Proceedings, 65, 1089–1090. https://doi.org/10.1007/978-981-10-5122-7 

Hassan, M. K., Eko, N. F. H., & Shafie, S. (2017). Tuberculosis bacteria counting using watershed segmentation 

technique. Pertanika Journal of Science and Technology, 25(S), 275–282. 

Huang, C., Li, X., & Wen, Y. (2020). AN OTSU image segmentation based on fruitfly optimization algorithm. 

Alexandria Engineering Journal. https://doi.org/10.1016/j.aej.2020.06.054 

Huang, C., Li, X., & Wen, Y. (2021). AN OTSU image segmentation based on fruitfly optimization algorithm. 

Alexandria Engineering Journal, 60(1), 183–188. https://doi.org/10.1016/j.aej.2020.06.054 

Joshua, O., Ibiyemi, T., & Adu, B. (2019). A Comprehensive Review On Various Types of Noise in Image 

Processing. International Journal of Scientific and Engineering Research, 10(November), 388–393. 

Li, J., Luo, W., Wang, Z., & Fan, S. (2019). Postharvest Biology and Technology Early detection of decay on apples 

using hyperspectral re fl ectance imaging combining both principal component analysis and improved 

watershed segmentation method. Postharvest Biology and Technology, 149(November 2018), 235–246. 

https://doi.org/10.1016/j.postharvbio.2018.12.007 

Li, J., Zhang, R., Li, J., Wang, Z., Zhang, H., & Zhan, B. (2019). Postharvest Biology and Technology Detection of 

early decayed oranges based on multispectral principal component image combining both bi-dimensional 

empirical mode decomposition and watershed segmentation method. Postharvest Biology and Technology, 

158(August), 110986. https://doi.org/10.1016/j.postharvbio.2019.110986 

Love, P. E. D., & Matthews, J. (2019). The ‘how’ of benefits management for digital technology: From engineering 

to asset management. Automation in Construction, 107(July). https://doi.org/10.1016/j.autcon.2019.102930 

Mafi, M., Martin, H., Cabrerizo, M., Andrian, J., Barreto, A., & Adjouadi, M. (2019). A comprehensive survey on 

impulse and Gaussian denoising filters for digital images. Signal Processing, 157, 236–260. 

https://doi.org/10.1016/j.sigpro.2018.12.006 

Minaee, S., Boykov, Y., Porikli, F., Plaza, A., Kehtarnavaz, N., & Terzopoulos, D. (2020). Image Segmentation 

Using Deep Learning: A Survey. 1–23. 

Morais, P. A. de O., Souza, D. M. de, Carvalho, M. T. de M., Madari, B. E., & de Oliveira, A. E. (2019). Predicting 

soil texture using image analysis. Microchemical Journal, 146(October 2018), 455–463. 

https://doi.org/10.1016/j.microc.2019.01.009 

Ni, L. (2021). Research on application of computer image processing technology in art creation. Journal of Physics: 

Conference Series, 1915(3). https://doi.org/10.1088/1742-6596/1915/3/032049 

Philip, A. T., Shifaana, S., Sunny, S., & Manimegalai, P. (2021). Detection of Acute Lymphoblastic Leukemia in 

Microscopic images using Image Processing Techniques. Journal of Physics: Conference Series, 1937(1), 

012022. https://doi.org/10.1088/1742-6596/1937/1/012022 

Powrie, W. (2018). Soil mechanics: concepts and applications. CRC Press. 

Ramesh, K. K. D., Kiran Kumar, G., Swapna, K., Datta, D., & Suman Rajest, S. (2021). A review of medical image 

segmentation algorithms. EAI Endorsed Transactions on Pervasive Health and Technology, 7(27), 1–9. 

https://doi.org/10.4108/eai.12-4-2021.169184 

Rao, B. S. (2020). Dynamic Histogram Equalization for contrast enhancement for digital images. Applied Soft 

Computing Journal, 89, 106114. https://doi.org/10.1016/j.asoc.2020.106114 

Ravikumar, R., & Arulmozhi, V. (2019). Digital Image Processing-A Quick Review. International Journal of 

Intelligent Computing and Technology (IJICT), 2(2), 11–19. 

Romero-Tarazona, B. E., Rodriguez-Sandoval, C. L., Villabonai-Ascanio, J. G., & Rincón-Quintero, A. D. (2020). 

Development of an artificial vision system that allows non-destructive testing on flat concrete slabs for surface 

crack detection by processing of digital images in MATLAB. IOP Conference Series: Materials Science and 



Tomasila |  JINAV: Journal of Information and Visualization, 2022, 3(1): 81–92 

92 

Engineering, 844(1). https://doi.org/10.1088/1757-899X/844/1/012058 

Sachin, S. P., Raja, N. S. M., Madhumitha, M. R., & Rajinikanth, V. (2018). Examination of Digital Mammogram 

using Otsu ’ s Function and Watershed Segmentation. 2018 Fourth International Conference on Biosignals, 

Images and Instrumentation (ICBSII), March, 206–212. 

Shi-gang, C., Heng, L., Xing-li, W., Yong-li, Z., & Lin, H. (2018). Study on segmentation of lettuce image based on 

morphological reorganization and watershed algorithm. 2018 Chinese Control And Decision Conference 

(CCDC), 6595–6597. 

Shukla, S. K. (2017). Fundamentals of Fibre-Reinforced Soil Engineering. In Developments in Geotechnical 

Engineering. 

van Es, H. (2017). A New Definition of Soil. CSA News, 62(10), 20–21. https://doi.org/10.2134/csa2017.62.1016 

Xiong, L., & Zhang, D. (2020). The extraction algorithm of color disease spot image based on Otsu and watershed. 

Soft Computing, 24(10), 7253–7263. https://doi.org/10.1007/s00500-019-04339-y 

Ye, B., Hu, H., Bao, X., & Lu, P. (2018). Reliquefaction behavior of sand and its mesoscopic mechanism. Soil 

Dynamics and Earthquake Engineering, 114(June), 12–21. https://doi.org/10.1016/j.soildyn.2018.06.024 

Yuheng, S., & Hao, Y. (2017). Image Segmentation Algorithms Overview. 1. 

Zavadskas, E. K., Antucheviciene, J., Vilutiene, T., & Adeli, H. (2017). Sustainable decision-making in civil 

engineering, construction and building technology. Sustainability (Switzerland), 10(1). 

https://doi.org/10.3390/su10010014 

Zhang, X., Yang, J., Zhang, Y., & Gao, Y. (2018). Cause investigation of damages in existing building adjacent to 

foundation pit in construction. Engineering Failure Analysis, 83(August 2016), 117–124. 

https://doi.org/10.1016/j.engfailanal.2017.09.016 

 

 
 


