
Received:  August 24, 2023.     Revised: November 16, 2023.                                                                                         536 

International Journal of Intelligent Engineering and Systems, Vol.17, No.1, 2024           DOI: 10.22266/ijies2024.0229.46 

 

 
Modification Rules for Improving  Marching Cubes Algorithm to Represent 3D 

Point Cloud Curve Images 

 

Dewi Rahmawati1,2          Riyanarto Sarno1*           Chastine Fatichah1 

 
1Informatics Department, Institut Teknologi Sepuluh Nopember Surabaya, Indonesia 

 2Software Engineering Department, Institut Teknologi Telkom Surabaya, Indonesia 
*  Corresponding authorôs Email: riyanarto@if.its.ac.id 

 

 
Abstract: Marching cubes is the most widely used isosurface algorithm for 3D reconstruction. For the case study, this 

paper used medical data from an MRI of brain images, especially in the corpus callosum (CC) part, and volume data 

from the stagbeetle dataset. This case study was selected to highlight the clinical importance of 3D image visualization. 

This study can help by showing solid anatomy shapes and locations, which can direct the location of a brain injury 

with a small error of less than 1 mm; therefore, it can support and minimize the risk of brain surgery. The case study 

is part of the brain called the corpus callosum, usually used as a reference for brain surgery. For the input data, this 

paper used 2D segmentation using deep learning methods to obtain the CC segments. This paper used 120 patients, 

80% for training and 20% for testing from national hospitals. This paper found 11 sagittal slices containing the corpus 

callosum out of 166 slices for each patient. This work presents an improved MC algorithm that adds twenty new rules 

to the existing one, strengthening the rules for voxel representation and increasing the original marching cubes 

algorithm's 15 rules to 35. Thus, large holes are covered in the 3D reconstruction model, making it largely solid. The 

proposed 3D visualization achieved zero open edges for the datasets from the national hospital. The results showed 

that applying the improved marching cubes algorithm produced a 3D representation with better and more robust results, 

as evidenced by the presence of more vertices and triangles and the absence of open edges. Advanced marching cubes 

are a great way to remove open edges.  
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1. Introduction  

The popularity and general implementation of the 

marching cubes led to various algorithmic 

enhancements to handle ambiguities and 

appropriately track the interpolant's behaviour. One 

of the first isosurface extraction algorithms [1] was 

designed in 1987 to preserve the trilinear interpolant's 

topology. In his work, Chernyaev increases the 

number of cases in the triangulation lookup table to 

33. [2] was the first to point out 1988 that the 

triangulation table presented by [1] Lorensen and 

Cline was inadequate and that certain marching cubes 

scenarios allow for multiple triangulations. In 1991 

[3], the author noted uncertainties in the interpolant 

behaviour of the cube's face. The author suggested a 

test known as the asymptotic decider to monitor the 

interpolant on the cube's faces accurately. The author 

noted in 1994 [4] that this ambiguity problem in 

marching cubes also exists within the cube. The 

author proposed a disambiguation test based on 

interpolant crucial points and added four new 

examples to the Marching Cubes triangulation table 

(subcases of cases 3, 4, 6, and 7). Despite the 

suggested changes to the algorithm and its 

triangulation table, the method and its triangulation 

table are insufficient. 

Topological incoherencies persisted in the 

meshes produced by the marching cubes. 

Subsequently, marching cubes, a book written by 

author Montani in the same year [5], only addresses 

23 of the 33 potential behaviours of the trilinear 

interpolant inside the cube. The marching cubes 33 

method, developed in 1995 by [6] author Chernyaev, 

allows the creation of triangle models whose  
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                                     (a)                                                           (b)                                                       (c)   

Figure. 1 (a) Illustration of a cube in the grid, (b) Cube numbering,and (c) Examples of curve cubes 
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Figure. 2 Original lookup table marching cubes configuration (15 Rules) 

 

topologies exactly match those of the trilinear 

function's isosurface for each cell, taken into 

consideration separately. As opposed to 15, as with 

the MC technique, it is demonstrated that there are 33 

topologically distinct configurations. In 2000, the 

author [7] introduced a technique that results in 

topological inconsistencies in the resulting mesh 

because the ambiguities of the trilinear interpolant in 

the cube's interior should be considered while 

generating the triangulation. In 2003 [8], the author 

demonstrated that Chernyaev's lookup table is 

comprehensive and can capture all potential trilinear 

interpolant behaviours. The same title theme 

appeared in 2010 [9], 2013 [10], and 2020 [11]; 

marching cubes have been used in various research 

for medical pictures. The method [9] replaces cell 

edge interpolation by midpoint selection with the 

dual marching cubes approach, and it is based on the 

classic marching cubes algorithm coupled with a 

seed-occupying algorithm to increase the isosurface 

and prevent the detection of empty cubes. To ensure 

that the meshes produced by the marching cubes 33 

were topologically accurate, [12] worked in 2013. 

The author described using the marching cubes 33 

algorithm to create an expanded triangulation in 2019 

[13]. The approach eliminates the degenerate 

triangles commonly found in marching cubes meshes 

by including grid vertices in the triangulation. The 

author coded the marching cubes 33 (MC33) 

algorithm in C and released it in the same year [14]. 

This implementation's procedures were designed 

with quick execution and little memory usage in mind. 

The author published a method for accurately and 

efficiently evaluating volume for grid-based level 

sets in 2022 [15]. This method computes the volume 

of the shape(s) that are implicitly represented and is 

consistent with surface reconstruction using 

marching cubes. The author presented a technique for 

evaluating soft tissue data recreated using a marching 

cube algorithm in 2023 [16] and contrasted it with 

commercially sold software.  

This paper combined volume data from the 

Stagbeetle dataset and medical data from an MRI of 

brain imaging in the corpus callosum (CC) region for  
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Figure. 3 The main problem rule configuration is on the shared faces of two cells in case of ambiguity 

 

the case study. This case study was chosen to 

illustrate the practical use of 3D picture 

representation. By illustrating the forms and positions 

of solid anatomy, this study can help direct the 

placement of a brain lesion with an inaccuracy of less 

than 1 mm, supporting and reducing the risk 

associated with brain surgery. The corpus callosum, 

a brain region commonly used as a guide for brain 

surgery, is the subject of the case study. 

The challenge in 3D reconstruction is the 3D 

visualization of multiple image layers, firstly because 

of the limitations of 2D MRI. Secondly, the quality 

of 2D medical images needs to be updated; hence, the 

use of 2D medical imagery continues to decrease. 

Thirdly, nowadays, most surgeons and medical 

experts prefer 3D visualizations due to the natural 

effect they create. Fourthly, more realistic 

visualization is required for further procedures. 

Fifthly, 3D imagery can present a visualization of 

actual body parts. Sixthly, the rapid development of 

technology supports the development of more 

advanced 3D visualizations. While surgeons require 

a 3D visualization of the corpus callosum to prepare 

for an operation, a visualization method with a high 

level of accuracy is needed to display the correct size 

and shape of the corpus callosum. In this study, 3D 

visualization of the corpus callosum was done using 

deep learning algorithms and the 3D marching cubes 

(MC) technique. We also attempted to reduce GPU 

memory usage by using a patch-based method, 

splitting the augmented images into small patches, 

and training the dataset on these smaller patches. A 

few existing studies refer to the 3D visualization of 

parts of the brain. Many previous studies have 

implemented deep learning algorithms and 3D 

marching cubes to visualize parts of the brain without 

providing separate partitions of the brain. To solve 

this problem, the proposed method performs 3D 

visualization of the corpus callosum using an 

enhanced 3D marching cubes algorithm, our main 

proposal. The marching cube 33 algorithm was used 

for accuracy comparison. 

The following is the motivation for this study: 

 

1. Some studies have employed 3D visualization and 

spatial methods to discover the corpus callosum. 

However, no research used deep segments from 

images as the sample, even though this could 

provide an accurate 3D model of the corpus 

callosum. Moreover, the genus, as part of the 

corpus callosum, is not found in deep segments. 

2. Several segmentation methods have been used in 

3D visualisation, but no existing segmentation 

methods provide separate partitions of the corpus 

callosum (genu, rostrum, trunk, and splenium). 

Providing different sections is important because 

the application of this method is highly motivated 

by the possibility of observing the inside of the  
 



Received:  August 24, 2023.     Revised: November 16, 2023.                                                                                         539 

International Journal of Intelligent Engineering and Systems, Vol.17, No.1, 2024           DOI: 10.22266/ijies2024.0229.46 

 

 
Figure. 4 Block diagram of the 3D visualization from (a), (b), and (c) 2D segmentation corpus callosum in brain MRI 

images using deep learning and (d) Enhanced marching cubes algorithm 

 

brain. 

3. This requires a reliable 3D visualisation of the 

corpus callosum so that its partitions can be 

accurately identified. Based on previous studies, 

marching cubes and deep learning algorithms can 

improve visualisation accuracy. 

 

The main contributions of this study are related to 

these motivations: 

 

1. Development of a new 2D segmentation method 

for 3D visualisation of corpus callosum data. 

2. Detection of corpus callosum partitions from 

segments using deep learning by taking samples 

from MRI images. 

3. We are enhancing the marching cubes algorithm 

for the 3D visualisation of corpus callosum data. 

 

The rest of this paper is organised as follows. 

Section 1 presents the background of this research 

and some related works that also employed a corpus 

callosum segment detection framework and proposed 

enhancements of the marching cubes method. 

2. Related works 

Many related papers discuss 3D visualization 

with marching cubes, but a few focus on 3D brain 

visualization with marching cubes. We examined and 

explored the qualities and shortcomings of many 

papers on 3D visualization with marching cubes. In 

2019, [17] The author aims to solve the time problem 

to diagnose lung cancer as a whole with the need for 

many images from several sides problems by 

developing a system of 3D visualisation and 

reconstruction of lung cancer images. However, the 

algorithm used is a standard MC with 15 

combinations of the cube. The two different shapes 

of cancer have different results. There is noise other 

than cancer that has not been separated from the 

cancer part on the parts. In [18], with the same author, 

the author aims to solve the time problem for the 

diagnosis of the heart condition of a patient. However, 

the dataset is limited, and the algorithm used is a 

standard MC with 15 cube combinations. Also, the 

limitation of this study is the error by lighting 

affection, a common problem in 3D image 

reconstruction. 

In 2020, [19] the author improved the algorithm's 

performance. The author proposed to solve the 

surface void problem with Laplacian smooth iso-

surface and use the polygon merging method to 

improve the display speed. 3D reconstruction was 



Received:  August 24, 2023.     Revised: November 16, 2023.                                                                                         540 

International Journal of Intelligent Engineering and Systems, Vol.17, No.1, 2024           DOI: 10.22266/ijies2024.0229.46 

 

performed using two sets of CBCT samples (jaw and 

dentition of two patients). However, the dataset is 

limited in CBCT image data based on .dicom. In 2020, 

By enhancing the voxel representation, the Author 

[20] proposed a refined MC algorithm. A significant 

reduction in the number of voxels that must be 

traversed during 3D reconstruction is achieved by 

increasing their volume. The simulation results 

demonstrate that the proposed algorithm is superior 

to the MC algorithm in terms of efficiency, 

smoothness, and distortion controllability in real time. 

However, this study just focused on voxel 

representation.  

Later, In 2022, the Author [21] visualised 3D with 

the tool package VTK. The marching cube algorithm 

was used for surface rendering, and the ray casting 

algorithm was used for volume rendering and 

reconstruction. However, the dataset is limited, and 

the algorithm used is a standard MC with 15 cube 

combinations. 

In 2023, the author [22] proposed a new cutting 

algorithm based on the marching cubes algorithm by 

modifying the voxel model. The simulation results 

show that the re-drawing process of the cutting 

surface based on the improved algorithm is more 

concise and can have higher cutting efficiency while 

ensuring cutting accuracy. However, as the algorithm 

requires different memory spaces depending on the 

discrete accuracy of the blank, when the discrete 

accuracy of the blank exceeds a certain level, it will 

increase the computational volume of the cutting 

calculation, which in turn reduces the efficiency of 

the cutting calculation. 

In 2018, the author [23] conducted 3D 

visualisation using a 3D marching cubes strategy 

based on corpus callosum segmentation generated for 

a specified number of cross-sections from each 

survey. Improvements in the robustness and accuracy 

of the 3D marching cubes algorithm for isosurfacing 

were proposed in [23].  

This study proposes a new 3D visualisation 

algorithm called enhanced marching cubes (EMC). 

Thus, large holes are covered in the 3D visualisation 

model, making it essentially smooth and solid. The 

proposed algorithm produced more faces and points, 

which resulted in a more complete and smoother 

surface. The dataset comprises general medical 

images (format MRI, png) and available mesh, 

namely the stagbeetle dataset (format dat, stl). The 

algorithm used enhanced marching cubes with 23 

cube combinations. 

Section 1 presents the introduction part that 

highlights the strengths of this proposed method. 

Section 2 presents related works and the drawbacks 

of each conventional technique and emphasises the 

difference with other methods to clarify the position 

of this work further. Section 2 presents several 

articles discussed in the research survey. Section 3 

presents materials and methods used in this research 

that show simulations and experiments. Section 4 

presents the methodology and method by showing the 

corpus callosum segment detection framework 

results, the results of 2D segmentation using deep 

learning, and the proposed enhanced marching cube 

algorithm. Section 4 presents the effectiveness of the 

proposed method by comparing it with the state-of-

the-art methods and showing comparison data. 

Section 5 presents the experimental results and their 

discussion. Finally, section 6 presents the conclusion 

showing this work's scientific contribution with 

concrete data. 

3. Materials and method 

The purpose of this study was to find corpus 

callosum partitions in brain MRI images using a brain 

segmentation framework. The proposed corpus 

callosum segment detection scheme is illustrated in 

Fig. 4, where the panels show how the framework 

detects the four corpus callosum partitions. In 

contrast, Fig. 5 illustrates a detailed overview of the 

proposed scheme of 2D Segmentations. The ground 

truth for validation of segmentation results was 

manually drawn by 3D SLICER 5.0.3, as in Fig. 6. 

The segmentation matches the manuals provided 

ground truth according to Eq. 1. 

 

ὖὃȟὄ
᷊

᷾
ρππϷ   (1) 

 

Where ὖὃȟὄ  represents the segmentation 

accuracy in percentage, ὃ and ὄ represent the binary 

images of ground truth and target corpus callosum 

segmentation result, respectively. This study used 

datasets from two hospitals, as depicted in Table 1 

and Fig. 2, conducted at Dr. Soetomo Hospital 

Surabaya and National Hospital Surabaya. 

Details of the dataset, such as several data, image 

size and image type, can be seen in Tables 1 and 2. 

The first stage in Fig. 5 is the preprocessing and 

augmentation phase. The preprocessing step consists 

of resizing, orienting, and colour correction. After the 

preprocessing step, we apply an algorithm called new 

hybrid region-based segmentation. This algorithm 

uses local adaptive thresholding techniques to focus 

on the binarisation of grayscale images. 

The algorithm consists of a novel thresholding 

technique using a combination of adaptive thresholds 

(a), large, connected components (b), k-means 

clustering (c), and mathematical morphology (d). For 

2D segmentation using deep learning, this study used  
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Table 1. Demographic of sample data 

Dataset Total data Training data Testing data Size Type 

National Hospital (NH) Surabaya 2020 80 64 16 256x256 .dicom 

DR Soetomo (DRS) Surabaya 2019 40 32 8 256x256 .bin 

 

Table 2. Brain MRI sagittal slices of 4 patients with 125 to 136 slices show that corpus callosum exists 

Slice 

Patient 125 126 é 134 135 136 

Man 1  

  

é 

   
Man 2 

  

é 

   
Woman 1 

  

é 

   
Woman 2 

  

é 

   
 

Attention_Unet (1), FCN8s (2), myChannelUnet (3), 

UNet++ (4), R2Unet (5) and Unet (6) (7). The output 

of this algorithm is 2D segments of the corpus 

callosum (.png) as ground truth, as depicted in Fig. 4. 

After segmenting the 2D image phase, the output is 

used for 3D reconstruction with a point cloud. The 

next step is enhancing the marching cubes algorithm 

for 3D visualisation of corpus callosum data. The 

result of this algorithm is 3D segments of the corpus 

callosum (.stl). 

The process was the same as in the data pre-

processing step in Fig. 4. The resulting data were 

divided into training and test data, at 80% and 20%, 

respectively. The next step is the training phase using 

the training data. Deep learning is used to provide the 

input for the developed model. The model is carried 

out using training based on the system's epoch and 

batch size inputs, which are well generalised. The 

next step is to build a prediction image consisting of 

an input image, a prediction image, and a mask image. 

The input image is the MRI image before the 

segmentation process. The predicted image is the 

result of the corpus callosum segmentation process. 

The mask image is the ground truth image used to 

create the corpus callosum segments. Each method 

produces axial, coronal and sagittal segments. Once 

finished, the generated model is the outcome, where 

the format is .pth.  

This stage is called the training phase. The 

developed model obtained from the training phase is 

then tested using new data, namely the test data, to 

compare the performance. This phase is called the 

testing phase. 

4. Methodology and method 

4.1 Corpus callosum segment detection 

framework and preprocessing scheme 

The corpus callosum segment detection 

framework details are shown in Fig. 5. Figs. 5 (fields 

A, B, C, D, E, pre-processing phase) are based on 

previous work. Herrera [29] presented 2D corpus 

callosum segmentation in midsagittal slices. This 

investigation method is sensitive to the choice of the 

threshold and therefore, either fails or produces 

inaccurate results based on the source of the 

inflection points. Although the ROQS method in this 

study worked well, it had no post-training initiation 

or parameter selection requirements. Manic [30] 

proposed a multi-threshold method using the chaotic 

cuckoo search algorithm (CCS) and a threshold 

method using the Preferred Threshold method. 

Satapathy [31] proposed histogram-based two-level 

and multi-level thresholding methods. The proposed  
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Figure. 5 Proposed partial corpus callosum segments detection scheme 

 

 

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

   

 

(e) (f) (g)  

Figure. 6: (a) The first column; the ground truth of the corpus callosum, (b), (c), (d), (e), (f) and (g) Second column until 

seventh column: the result of deep learning approach (a) Ground truth corpus callosum patient 1, (b) Attention UNet 

segmentation result, (c) FCN8s segmentation result, (d) R2UNet segmentation result, (e) myChannelUNet segmentation 

result, (f) UNet segmentation result, and (g) Unet++ segmentation result 
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Figure. 7 System block diagram of the enhanced marching cubes algorithm 

 

methods achieved good performance. They 

recommended extending the implementation in Ikeda 

maps to other chaos maps in future work. For the eyes, 

they used the DRIVE dataset. For the cell nucleus, 

they used DSB 2018 from the data competition of that 

year. The esophagus cancer dataset came from the 

First Affiliated Hospital of Sun Yat-sen University. 

This study used .dicom and .tiff for the corpus 

callosum dataset and .png for the eye, esophagus, and 

cell nucleus datasets as input data. For the corpus 

callosum, this study used ABIDE 2015 

(https://s.id/1galu) and OASIS 2018 

(https://s.id/1galf) from the data competitions of each 

respective year. 

This study used datasets from two hospitals. 

These data were corroborated by physician diagnosis. 

Before using the data obtained from the hospitals, the 

data were processed so that no personal data such as 

names, addresses or phone numbers were stored in 

the dataset. As a result, third parties cannot identify 

personal data in the dataset. The hospitals from which 

the data were gathered and the study participants gave 

their consent. Every hospital staff member requested 

that the subjects fill out a consent form and submit a 

copy of their identification to get their consent. The 

paper [25] presents a novel hybrid region-based 

segmentation method that finds the local average of 

neighbouring pixels in the window regardless of 

window size. It substitutes the previous method of 

local thresholding with the integral-sum image 

methodology. Computing local thresholds with this 

method is quicker than without it. Sauvola and 

Pietikainen's local binarization methodology can be 

used, and the binarization speed performs better than 

the global binarization method. Eq. (2) is used to 

formulate the threshold T(x,y). 

 

ὦὼȟώ
π
ρ
 
 ȟ ȟ

 
  (2) 

 

where I(x,y)  ɴ [0,1] is the pixel intensity at 

position (x,y) and b(x,y) is the binarized picture. Fig. 

5 illustrates the function of the new hybrid region-

based segmentation algorithm. 

4.2 Proposed enhanced marching cubes method 

At the marching cubes stage, a voxel has eight 

vertices, and each vertex has two states, in-plane and 

out-plane, so there are 28 = 256 cases of the 

relationship between voxels and iso-surfaces. Using 

the marching cubes' properties, the 256 cases can be 

reduced to 15 triangular patch configurations. This 

gives us a partial picture of the corpus callosum. This 

study proposes a new rule for the marching cube 

technique called custom marching cubes. The 

relationship between the voxels and the iso-surfaces 

produces these customary rules, as in Figs. 7 and 8. 

The first step in Algorithm 1, as illustrated in Fig. 7, 

is to define the grid using points X, Y, and Z. First, a 

3D grid (xy, xz, yz) is created, and a group of points 

from the plane index are selected, where X and Y are 
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Case 0 Case 1.1 Case 1.2 Case 2.1 Case 2.2 

     
Case 2.3 Case 3.1 Case 3.2 Case 4.1 Case 4.2 

     
Case 5.1 Case 5.2 Case 6.1 Case 6.2 Case 7.1 

     
Case 7.2 Case 8.1 Case 8.2 Case 9.1 Case 10.1 

     
Case 10.2 Case 11.1 Case 11.2 Case 11.3 Case 11.4 

     
Case 11.5 Case 11.6 Case 12.1 Case 13.1 Case 13.2 

     
Case 13.3 Case 13.4 Case 13.5 Case 13.6 Case 14 

      
Figure. 8 The lookup table proposed rules for enhanced marching cubes 

 

matrices with the grid coordinates, and Z is a matrix 

with z values at the grid points. 

A mesh chart consists of lines that connect the 

points. The surface plot colours the areas within the 

mesh lines. Radar and surface charts are 3D plots 

functions of z = f (x, y), where x and y are the 

independent variables and z is the dependent variable. 

This means that within a given domain, we can 

compute the z value for any combination of x and y. 

The radar and surface charts are created in three steps. 

The first step is to create a grid in the xy plane 

covering the functional area. The second step is to 

compute the z-value at each point in the grid. The 

third step is to create the chart. The z value for each 

address is calculated from the corresponding x and y 

values. For example, z is given using Eq. (3). 

 

ᾀ       (3) 

 

The advantages of our approach are that it 

enhances the rule for the representation of the voxels 

of the marching cubes so that holes are covered, and  
 


