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a b s t r a c t 
 

 

Corpus Callosum (CC) surgery is required to be performed with thorough and careful preparations. The 
reason is that the part of the corpus callosum is considered to be crucial. Doctors need to conduct 
preparations, one of which is simulation. Doctors require 3D visualization to prepare for an operation. 
There are four classifications of the corpus callosum, namely trunk, splenium, genu, and rostrum. In this 
case, 3D reconstruction methods with a high level of accuracy are needed to describe the right size and 
the desired pattern of the corpus callosum. In 3D reconstruction MRI brain images, the Marching Cubes 
(MC) algorithm is a challenging surface rendering algorithm. However, current MC algorithm has a rule, 
utilizing the symmetry of the cube, 256 cases are finally reduced to 15 types of triangular patch 
configuration index table, which leads to a uncomplete reconstruction images. This paper proposes an 
enhanced MC algorithm by enhancing the rule representation of voxels. By enhancing the rule 
representation of voxels, the big holes is covered in 3D reconstruction and greatly solid.  The main 
contribution of this research is the development of new studies 2D segmentation methods for 3D 
reconstruction for corpus callosum data, detection of the part of corpus callosum segments by taking 
samples from the MRI using deep learning, and enhancing of marching cubes algorithm for 3D 
reconstruction for corpus callosum data. 3D Simulation results show that the proposed algorithhm is 
more accurate than the MC algorithm, and improve the voxel representation. 

 
 
 

1. Introduction	
	
Corpus Callosum (CC) surgery is required to be performed 

with thorough and careful preparations. The reason is that the 
part of the corpus callosum is considered to be crucial. Doctors 
need to conduct preparations, one of which is simulation. The 
initial problem faced was due to the fact that doctors could not 
see in more detail, especially to the inside part of the brain called 
the corpus callosum. Logically, the outside part is easy to be 
observed for us without any tools. Meanwhile, the inside of the 
brain is rather deep and vital. The doctor concluded that he could 
not see in more detail the body parts. [12,31,35,36] 

Some of the disadvantages of 2D medical images or what is so-
called 2D x-rays are; first, experts or doctors are hardly able to 
observe more details of body parts. It results in the need to create 
multiple image layers to create a voluminous image. Second, the 
quality of 2D medical images seems antiquated, not keeping up 
with the times. Third, 2D enthusiasts continue to decrease; 
nowadays, most people prefer 3D animation due to the real 
effects that it creates, which, in turn, makes 3D visuals more 
popular than 2D. Fourth, the dictation needs more real 
visualization for further procedures. 

 

 

Fifth, 3D imagery can present a visualization display of real and 
amazing limbs. Sixth, the rapid development of technology 
supports the development of more advanced 3D visuals. 

Doctors need 3D visualization to prepare for an operation. In this 
case, reconstruction methods with a high level of accuracy are also 
needed to describe the right size and describe the desired shape of 
the corpus callosum. In this journal, we reduce memory usage on the 
GPU by using a patch-based method, split the augmented image into 
small patches and train the demonstration on these small patches. 

The problem that will be solved and that has not been done by 
previous studies is regarding the 3D Reconstruction of the Corpus 
Callosum using deep learning algorithms and 3D Marching Cubes. 
Not many studies refer to 3D Reconstruction in certain parts of the 
brain. Many previous studies have implemented deep learning 
algorithms and 3D Marching Cubes for the Reconstruction of all 
parts of the brain without providing separate partitions for the brain. 

Therefore, the proposed method to solve the problem above is 
that we perform a 3D reconstruction, especially in a very vital part 
of the brain, namely the corpus callosum, by using the Enhancing 
3D Marching Cubes algorithm as the main proposal and the 
marching cube 33 as an accuracy comparison algorithm.
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Numerous related papers have discussed 3D Reconstruction. 

In any case, not many articles have specified 3D Brain 
Reconstruction. We have examined and explored the qualities 
and shortcomings of a number of papers that we have found 
focusing on the 3D CC Reconstruction. First, S. Qamar [27] 
created a novel combined design on the base of thick association, 
leftover association, and Initiation module. This engineering 
misused the characteristics of thick association and remaining 
beginning modules. On the other hand, this paper fairly 
investigates the proposed design with one of the restorative 
imaging challenges. 

The second study by P. Y. Kao [28] proposes a novel, 
straightforward, and successful strategy to coordinate early injury 
and a 3DUNet. This inquires about comparing the execution of 
his proposed strategy with the state-of-the-art strategies. The 
pattern demonstrated has less successful execution than the 
state-of-the-art strategies, but it accomplishes a competitive 
execution by coordinating the proposed VOI outline. It is known 
that the gathering of Kamnitsas et al. contains seven varied sorts 
of models, but his proposed gathering as it were comprises five 
3D U-Net. 

The third study by L. M. Hsu. [30] states that such an 
approach cannot utilize the affluent 3D spatial setting 
information from volumetric MRI data. In the examination, he 
advances the proposed U-Net plan by supplanting all the 2D 
operations with the 3D accomplices and making a 3D U-Net 
framework. This inquiry illustrated the unwavering quality of 3D 
U-Net beneath different clamor levels, assessed the ideal 
preparing test sizes, and dispersed all source codes freely. 
However, there are a few restrictions on the 3D U-Net design; 
namely, profound learning needs an information-driven 
classification, so division precision exceedingly depends on the 
prepared dataset. Furthermore, profound learning strategies 
require considerable sums of physically named information. 
Third, the current 3D U-Net design requires a fixed estimate of 
64×64×64, which limits the testing picture-to-picture framework 
measure of at slightest of 64×64×64. 

Research in 3D Marching Cubes Reconstruction has not been 
discussed a lot. The first study by Marcin Ciecholewski [31] states 
that the 3D Remaking is made by the walking 3d shapes strategy 
based on CC segmentations generated for a specified number of 
cross-sections from each permanent survey. Making strides in the 
Strength and Exactness of the Marching 3D shapes Calculation 
for Isosurfacing has been stated in the second study by Adriano 
Lopes [8]. And marching cubes 3d reconstruction has been 
improved to improved marching cubes algorithm that says by 
Dongxue Su [1]. 

This study proposes a 3D reconstruction from the 2D Corpus 
Callosum Segmentation. This method has the advantage of 
handling volumetric segmentation, Because the same UNet 
structure can process 3D images, adding depth information to 3D 
images and displaying them as 2D images. 

In 3D Reconstruction, to get good results, it is very important 
to enhancing the reconstruction algorithm. we extend the mesh 
of triangular elements. Then select points from the remaining 
points in the assembly at each boundary edge.  Therefore, the new 
triangle is formed by the boundary edges and the selected points. 
Then a new restriction list is  generated for the linked range, also 
counter clockwise. 

The proposed procedure consists of four steps. First step is 
reconstructed 3D with Epipolar and 8 Point Algorithm. Then the 
second step is reconstructed 3D with 3D Repetitive Remaking 
Neural Arrange (3D-R2N2). After this, the third step is 
reconstructed 3D with 3D U-Net Algorithm. And the last, the 
fourth is reconstructed 3D by Marching Cubes Algorithm.  

 

 
Therefore, the motivation for this study can be formulated as 
follows: 
1. Several types of research use  3D reconstruction spatial method 

to detect corpus callosum. However, no research used deep 
segments from image as the sample even though it can be an 
accurate of a 3D Corpus Callosum. Moreover, Genu as the parts 
of Corpus Callosum are not found in deep segments. 

2. Several segmentation methods have been used on the 3D 
reconstruction spatial method, but no segmentation methods 
providing separate partitions for the brain (genu, rostrum, 
trunk and splenium). The providing separate partitions is 
significant for corpus callosum segments because segments use 
of this method is highly influenced by the limitations of the 
brain. 

3. This requires a reliable model 3D reconstruction part of the 
corpus callosum segment can be accurately identified. Based 
on previous research, marching cubes and deep learning can 
improve reconstruction accuracy. 

 
From these motivations arise the main contributions of this study: 
1. Development of new 2D segmentation methods for 3D 

reconstruction for corpus callosum data. 
2. Detection of the part of corpus callosum segments by taking 

samples from the MRI using deep learning. 
3. Enhancing of marching cubes algorithm for 3D reconstruction 

for corpus callosum data. 
 
The rest of the paper is organized as follows: Section 1 presents 

the background of the research. Section 2 presents some related 
works that also employed the corpus callosum segment detection 
framework and proposed enhancing marching cubes methods.  
Section 3 presents the results of corpus callosum segments 
detection framework, results of 2D segmentation using deep 
learning method and result of proposed enhancing marching 
cube algorithms. Section 4 brings the final remarks, conclusion 
and future works. 

2. Materials	and	Method	
	

This aimed to detect the part of corpus callosum segments 
through brain MRI using the brain segmentation framework. The 
proposed part of corpus callosum segments detection scheme is 
illustrated in Figure. 1, in which panels show how simple details 
the brain segmentation framework detected the part of corpus 
callosum segments, while in Figure. 2, illustrates the detailed 
overview of the proposed part of corpus callosum segments 
detection scheme. 

In Figure. 1, the first stage was the preprocessing phase. The 
preprocessing step is consist of resizing, orienting and color corrections. 
After preprocessing step, we used an algorithm which called New Hybrid 
Region-Based Segmentation. This algorithm focuses on the binarization 
of grayscale documents using local adaptive thresholding techniques. 
The algorithm consists of a novel thresholding technique using a 
combination of adaptive thresholds, large connected components, k-
means clustering, mathematical morphology, and large connected 
components. The output of this algorithm is a 2D segment of the corpus 
callosum..  

In Figure 2, the pretreatment phase was conducted at Rumah Sakit 
Umum Daerah Dr. Soetomo (Dr. Soetomo Hospital) and Rumah Sakit 
Surabaya National Hospital (NH Hospital). The process is the same as 
the data pre-processing in Figure 1. The resulting data is divided into 
two parts, training data and test data, with 60% and 40% respectively. 
The next step is the training phase using the training data.
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FIGURE 1. Proposed the part of corpus callosum segments detection scheme

In this phase, the proposed deep learning algorithm were 
compared with previous deep learning technique. Deep 
learning was developed which would be the input of 
developed model. The model was carried out using a training 
based on the epoch and batch size that input by system that 
were well generalized. The next step was to build a save 

predict image, that were have an input image, predict image 
and mask image. The input image meaning an input mri 
image that before segmentation process. The predict image 
were the result of the corpus callosum segments. The mask 
image were the ground truth image that use for segmentation 
the corpus callosum segments.
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FIGURE 2. The design of Corpus Callosum Segment Detection Framework

In each process, that were produce an axial, coronal and 
sagittal segments. After completion, the result obtained was 
called the developed model were the format is .pth. This 
stage was called the training phase. The developed model 
obtained from the training phase was tested using new data, 
namely test data, to compare performance. This phase is 
called the testing phase. 

 
2.1. Corpus Callosum Segment Detection Framework and 

Preprocessing Scheme 
 
Details of the corpus callosum segment detection 

framework are shown in the figure 1, figure 2 and figure 3. In 
figure 1 and figure 2 (fields A, B, C, pretreatment phase), 
based on previous work First, Herrera et al. [4] presented a 
2D segmentation of CC in midsagittal slices. This 
investigation method is sensitive to the choice of threshold 
and therefore either failed or produced inaccurate results 
based on the source of the inflection points. Although the 
ROQS method in this study worked well, there were no post-
training initiation or parameter selection requirements.. 

A second study, Manic et al. [5] proposed a multi-
threshold method using the chaotic cuckoo search algorithm 
(CCS) and a threshold method using the preferred threshold 
method. 

 
 

A third study, Satapathy et.al. [6] proposed histogram-
based two-level and multi-level thresholding methods. 
Results and recommendations as the proposed method 
achieves good performance recommend extending the 
implementation in ikeda maps to other chaos maps in future 
work. 

The designed of corpus callosum segment detection 
framework consisted of 3 main parts, namely input data, 
show saved model and show predict, as illustrated in figure 
3. In input data, we used .dicom and .tiff for corpus callosum 
dataset and .png for eye, esophagus and cell nucleus dataset. 
For corpus callosum, they were used ABIDE 2015 
(https://s.id/1galu) and OASIS 2018 (https://s.id/1galf) 
from the data competition in each year. Then for eyes, they 
were used DRIVE dataset. For cell nucleus, they were DSB 
2018 from the data competition in each year. And the last is 
the Esophagus Cancer dataset from First Affiliated Hospital 
of Sun Yat-sen University.  

Data collected by experts are from two hospitals in 
Surabaya: Rumah Sakit Umum Daerah Dr. Soetomo (RSUD 
Dr. Soetomo) and Rumah Sakit National Hospital (NH 
Hospital) Surabaya. Data were corroborated with physician 
diagnosis to determine whether subjects belonged to the 
healthy class (negative) or epilepsy class (positive). Before 
using the data obtained from the Hospital, data were 
processed in such a way that no personal data such as names, 
addresses or phone numbers were stored in the dataset.  
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TABLE 1. Demographic of samples data 

Dataset Number of Data Training Testing Sizes Types 

ShapeNet 50000 40000 10000 - 3D Cad Models 
OASIS 2018 250 170 80 256x256 .tif 
ABIDE 2015 250 170 80 256x256 .tiff 
National Healing Center Surabaya 2020 80 48 32 256x256 .dicom 

 
 

 

FIGURE 3. Data acquition scheme 

Therefore, third parties cannot identify personal data in the 
dataset. Consent was also obtained from the hospital where 
the data were collected and from the individuals 
participating in this study. To obtain patient consent, each 
hospital staff member asked subjects to complete a consent 
form and provide a copy of their identification. An example 
of the data used in this study is shown in Table 1. 

The new hybrid region-based segmentation sacrifices the 
performance of local thresholding by using the integral-sum 
image technique as a prior process to find the local average 
of neighboring pixels in the window, regardless of window 
size. Provides a fast approach to compute local thresholds 
without using this approach, the binarization speed 
approaches that of the global binarization method with 
better performance, and Sauvola and Pietikainen's local 
binarization scheme can be realized. The threshold T(x,y) is 
a value like equation (1). 

 

𝑏(𝑥, 𝑦) = (01	
!"	$(&,()*+(&,()

,!-.	,./01
   (1) 

 
where b(x,y) is the binarized image and I(x,y) ∈ [0,1] is the 
pixel intensity at location (x,y) in image I.  
 
2.2. Proposed Enhancing Marching Cubes Methods 

 
At the marching cubes stage, a voxel has 8 vertices, and 

each vertex has 2 states, in-plane and out-plane, so there are 
28 = 256 cases of the relationship between voxels and iso-
surfaces. Utilizing the characteristics of the marching cube, 
256 cases are finally reduced to 15 types of triangular patch 
configuration index table. Besides this 15 types of triangular 
patch, which leads to a uncomplete reconstruction images 
for our corpus callosum brain image, this study proposed 
new types rule marching cubes techniques, called custom 
marching cubes. Therefore, relationship between voxes and  

 

 

FIGURE 4. Proposed 3D Segments Result 

 
 
 
 
 

 
 
iso-surfaces produces custom rules. Pseudocode for the 
proposed Enhanced Marching Cubes can be seen in 
Algorithm 1. To get the custom rule, we had to initialize some 
variables.  Sagittal_mask was the slice of the corpus callosum 
in sagittal slice each patients as illustrated in figure 4. Fig was 
the plot of figure that will be place of the CC 3D result. X,Y,Z 
was the coordinate for stacking, dimension ratio and make 
points for define the grid.  

 
The first step in Algorithm 1 and  illustrated in figure 5 

was to define the grid using X, Y, Z point. First, there was 
create 3d grid xy, xz, yz and select group of point by plane 
index. Where X and Y are matrices with grid coordinates and 
Z is a matrix with z values at grid points. A mesh chart 
consists of lines that connect the points. The surface plot 
colors the areas within the mesh lines. Radar and surface 
charts are three-dimensional plots used to plot functions of 
the form 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 value of z for any 
combination of x and y. 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 
equation (2). 
 

𝑧 = 	 "#!

"!$#!
     (2) 

 
 
The advantages of our approaches enhancing the rule 
representation of voxels of marching cubes, the holes is 
covered and greatly solid. The disadvatages, we just 
preprocessing with the corpus callosum dataset.
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Algorithm	1:		Proposed	Enhancing	Marching	Cubes	Technique	
Input												SAGITTAL_MASK	ß	11	Slices	
																							FIG	ß	Plot.Figure	
																							X,Y,Z	ß	Dimension	Ratio	
Output:										
																						Plotting	Path	of	Data	Figure	3D	
Method:	

1. Sagital.Mask,	polyLines,	stack	=	[],	[],	0	
2. for	image	in	Sagital.Mask	do	
3. 								stack	=	stack	+	1	
4. Step	1	:	Finding	point	and	lines	
5. memory_image	<-	read	image	
6. image_contour	<-	find_contour	(of:	memory_image)	
7. points,	lines	<-	extract	(image_count)	
8. Step	2	:	Generate	Polylines	of	3D	
9. faces	<-	triangulate(points,	lines)	
10. polyline	<-	generate_polyline(faces,	points,	lines)	
11. Step	3	:	Define	Height	
12. polyline_3d	<-	extrude(polyline,	stack)	
13. Step	4	:	Stacking	Frame	
14. polyLines	<-	append	polyline_3d	

 

 

FIGURE 5. Enhancing Marching Cube algorithm system block diagram 

 
The next step was to find contour as illustrated in figure 5. A 

contour plot is simply a graph on the xy plane that shows the contours 
of a function of two variables, z = f(x,y). Contour lines or plane curves 
are obtained from the surface by intersecting the horizontal plane. A 
contour plot is a collection of level curves labeled with function values. 
Given the formula for the function z = f(x,y), we can easily find the 
contour equations. Each contour is obtained by slicing the surface at the 
horizontal plane z = c, so equation (3) for the contour at height c is 
straightforward.  

 
𝑓(𝑥, 𝑦) = 𝑐                  (3) 

 
 
 

The contour lines (also called contour lines) of a given surface are the 
curves of intersection of the surface with the horizontal plane z = c. A 
typical collection of contours projected onto the xy plane is a surface 
contour map or plot. In particular, if the surface is a graph of a function 
of two variables, say z = f(x,y), the contours are implicitly defined by 
equations of the form f(x,y) = c, z = c. increase. The projection onto the xy 
plane that constitutes the contour map is defined by f(x,y) = c, z = 0 for a 
representative collection of constants c. In the figure below, the 
conventional plot of the function graph is shown on the left and the 
corresponding contour plot on the right. Colors are used in this map to 
indicate different elevations, with higher elevations shown in lighter 
colors. 
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Finally, the last step was to define point clouds as illustrated 

in figure 5. A point cloud is a set of data points in space. Points 
can represent 3D shapes or objects. Each point location has a set 
of Cartesian coordinates (X, Y, Z). A point cloud is typically 
generated by a 3D scanner or photogrammetry software that 
measures many points outside the surrounding object. Point 
clouds are often aligned to 3D models or other point clouds. This 
is a process called point set registration. Although point clouds 
can be directly rendered and examined, point clouds are often 
converted to mesh or triangular mesh models, NURBS surface 
models, or CAD models through a process commonly called 
surface reconstruction. 

There are many ways to convert point clouds to 3D surfaces. 
Some approaches, such as Delaunay triangulation, alpha shapes, 
and spherical rotations, build a network of triangles over the 
existing vertices of the point cloud, while other approaches 
transform the point cloud into a volumetric distance field, whose 
rebuilds the implicit surface defined as the marching cubes 
algorithm. 

The Marching Cubes (MC) method is a well-known method for 
displaying volumes. Generate a triangular model of a given scalar  
 

 
function by sampling on an isometric grid F(x; y; z) = kuberil. The MC 
process is often considered the primary surface treatment process in 
medical applications. However, it can also be used in many other areas, 
such as visualizing implicitly specified functions and displaying finite 
element method calculation results. The MC method processes cells one 
by one. Specifies how the plane intersects a particular cell and transitions 
to the next cell. Each cube has 8 nodes, and each node can be in two states, 
inside or outside of the isosurface, so there are 28 = 256 possible 
directions of the cube relative to the isometric surface. However, most of 
the profiles are topologically equivalent and can be assigned to one of the 
15 profiles shown in Figure 6 by rotating and/or switching the node state 
(input/output). out). These parameters are entered into a lookup table. 
Each entry in the array contains the triangle pattern of the corresponding 
configuration. In configuration 0, all eight nodes are either inside or 
outside the equipotential surface, so there is no triangle. In configuration 
1, the model includes triangles because an isometric face separates one 
node from seven other nodes. Other configurations of the model have 2, 
3 or 4 triangles. In addition, the type of each cell in the lattice is 
determined, and the vertices actually formed by the intersection of 
isosurfaces and edges are arranged in a suitable triangular pattern. Linear 
interpolation along the edges is used to determine the vertex coordinates.  

 
 

1 2 3 4 

    
5 6 7 8 

    
9 10 11 12 

    
13 14 15 16 

    
 17 18  
 

  

 

 
FIGURE 6. Original lookup table 
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A major problem with the marching cubes method is that 
inconsistencies in vertex connectivity can lead to the appearance 
of small "holes" in the common area of two adjacent cells. Such a 
hole is shown in Figure 7.  

Another problem is that even without visible divergence, the 
MC method can generate equipotential surfaces with topologies 
that are different from those produced for the same cell by means 
of Other methods. Figure 7 shows isosurfaces generated for the 
same cude by two different methods. The first method is the MC 
method and the second is the cube division method, which 
divides a cube into smaller cubes located on planes. The 
equipotential surface produced by the MC method consists of two 
separate triangles, while the equipotential surface produced by 
the division cube method resembles a "tube". 

The reason why the MC method can give topologically 
incorrect results is explained as follows. If each cell in the lattice 
is processed independently of the surrounding cells, then it is 
natural to use the triple linear transform on the cube as a direct 
extension of the linear variation along the edge like equation (4). 

 
𝐹(𝑞, 𝑠, 𝑡) = 𝐹!!!(1 − 𝑞)(1 − 𝑠)(1 − 𝑡) 	+	𝐹"!!	𝑞(1 − 𝑠)(1 − 𝑡) +
𝐹!"!(1 − 𝑞)𝑠(1 − 𝑡)	+	𝐹""!	𝑞𝑠(1 − 𝑡)	+	𝐹!!"(1 − 𝑞)(1 − 𝑠)𝑡	 +
	𝐹"!"	𝑞(1 − 𝑠)𝑡	 +	𝐹!""(1 − 𝑞)𝑠𝑡	 +	𝐹"""	𝑞𝑠𝑡                (4) 

 
 
 
 
 
 

 
where q,s and t represent local coordinates of the cube, varying 
from 0 to 1, and F000,...,F111 represent values at the corner nodes 
of the cube.   

The MC method uses only one isosurface topology variant per 
configuration of the lookup table shown in Figure 6, whereas 
trilinear functions often allow several different variants. This 
article shows that the number of entries in the lookup table should 
be increased from 15 to 33, considering all the variants allowed in 
function (1). 

In resolving the ambiguity on the surface and within the cube, 
we use the fact that the function F varies bilinearly over the surface 
and each plane parallel to the surface. The proposed new types rule 
marching cubes techniques, called custom marching cubes as 
illustrated in Figure 9. The generated result as illustrated in Figure 
8 big holes is covered in 3D reconstruction and greatly solid. In 
fact, with any variable fixed, F has the form like equation (5): 

 
𝐹	(𝑠, 𝑡) = 𝐴(1 − 𝑠)(1 − 𝑡) + 𝐵#(1 − 𝑡) 	+ 𝐶	(1 − 𝑠)𝑡		 + 	𝐷𝑠𝑡            (5) 
 

 
where: 
 
𝐴 = 𝐹!!!(1 − 𝑞!) + 𝐹"!!(𝑞!) 
𝐵 = 𝐹!"!(1 − 𝑞!) + 𝐹""!(𝑞!) 
𝐶 = 𝐹!!"(1 − 𝑞!) + 𝐹"!"(𝑞!) 
𝐷 = 𝐹!""(1 − 𝑞!) + 𝐹"""(𝑞!)	 
 
Note that for surfaces, A, B, C, and D are equal to the corner node 
values of the surface. 

  
(a)         (b) 

 
FIGURE 7. (a) The main problem rule configuration on the shared face of two cells in ambiguity case. (b) The main problem hole isosurface generated result. 

   
(b)         (b) 

 
FIGURE 8. (a) The proposed new types rule marching cubes techniques, called custom marching cubes. (b) The generated result big holes is covered in 3D reconstruction and 
greatly solid 
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A face ambiguity resolution based on the bilinear 

transformation of F on the face described by Nielson and 
Hamann. Let A, B, C and D represent the values at the nodes of 
the ambiguous surface, where A and C are positive and B and D 
are negative. It is easy to see that the contour F(s, t) is a hyperbolic 
curve. The decision about which nodes are isolated and which are 
not is made by comparing the same values at the intersections 
asymptotically with the bilinear interpolation values F(s, t).  

 
 
 
 

 
𝐹	(𝑠, 𝑡) = 	 23	4	56

273	4	5	4	6
                            (6) 

 
To determine which nodes are connected, it is sufficient to 

compare the two products of AC and BD, since the denominator of 
equation (6) is always positive. So if AC > BD, the positive node will 
be connected and the negative node will be disconnected. 
Otherwise positive nodes are disconnected and negative nodes are 
connected. The proposed new types rule marching cubes 
techniques, called custom marching cubes as illustrated in Figure 
9. There were 23 new types rule marching cubes techniques. 

  

1 2 3 4 

    
5 6 7 8 

    
9 10 11 12 

    
13 14 15 16 

    
17 18 19 20 

    
21 22 23  

   

 

 
FIGURE 9. Proposed new types rule marching cubes techniques, called custom marching cubes. 
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TABLE 2. Result of preprocessing scheme of 2D Segmentation 

Dataset Arch Miou aver_hd aver_dice aver_iou best_iou loss 

Corpus Callosum OASIS 2018 

 Attention_UNet 0,998274 3,060873 0,999136 0,9982741 0,9979202 1,221 

 FCN8s 0,998794 2,736155 0,999396 0,998794 0,99865 2,937 

 myChannelUnet 0,998739 2,817241 0,999369 0,9987391 0,9987384 1,805 

 UNet++ 0,998238 3,162911 0,999118 0,9982382 0,9979906 5,723 

 R2Unet 0,998541 3,000291 0,99927 0,9985405 0,9971324 1,097 

 UNet 0,998353 3,134107 0,999175 0,9983532 0,9978083 2,16 

Corpus Callosum ABIDE 2015 

 Attention_UNet 0,997995 3,410806 0,998996 0,9979955 0,9954491 1,943 

 FCN8s 0,998821 2,748441 0,99941 0,9988214 0,9984977 2,857 

 myChannelUnet 0,997588 3,35698 0,998792 0,9987471 0,9970822 1,688 

 UNet++ 0,998705 2,810337 0,999352 0,9979685 0,9979338 2,646 

 R2UNet 0,997193 3,730044 0,998594 0,9971933 0,9970075 0,961 

 UNet 0,997969 3,173989 0,998982 0,9979685 0,9979338 2,646 

3. Results	and	Discussion	
3.1. Results	of	Preprocessing	Scheme	
 There were 250 samples obtained for abide 2015 and oasis 2018, 170 
samples classified as training and 80 samples classified as testing. The 
architecture is a Attention_Unet, FCN8s, myChannelUnet, UNet++, 
R2Unet and Unet. The results of the preprocessing scheme can be see in 
Table 2 and Figure 10. In which table 2 was the Miou, average hd,  

 
average dice, average iou, best iou and loss. From the figure 10, it was the 
figure of the result 2D segmentation of corpus callosum. All model 
preparation limits are given. Batch size = 20, epochs = 60, optimizer = 
Adam, loss = binary cross entropy. This research was implemented in 
Python using Anaconda as the environment, jupyter Notebook as the IDE, 
and scikit-learn, sci-kit-image, NumPy, pandas, matplotlib, OpenCV, 
Tensorflow and Keras as the libraries.

 
FIGURE 10. Proposed new types rule marching cubes techniques, called custom marching cubes. 
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TABLE 3. Comparison experimental result of 3D reconstruction using Traditional Marching Cubes and Enhancing Marching Cubes (Proposed)

Algorithm Number of Faces Number of Points Number of Open Edges (Hollow) 

Traditional Marching Cubes 5960 2992 40 

Enhancing Marching Cubes (Proposed) 7826 3924 0 

 The test environment used in this study ran in hardware and 
software. Here's the hardware I used: Model: Nvidia RTX 2080 Ti. 
Processor Intel Core i7; Memory: 32GB; Hard Drive: 222 GB (Local Disk 
C); 465 GB (Local Disk D). On the other hand, the software used is: 
Windows 10 x64 operating system. Anaconda 1.10.0 Python 3.9; Slicer 
4.10.2. Based on the sample results of 250 data, the dataset used in this 
study is organized as shown in Table 1. The dataset has six precision 
characteristics. They had to go through the preprocessing method first 
to obtain the 2D segment axial, sagittal and coronal segment of corpus 
callosum. The preprocessing methods used for further processing in the 
2d segmentation were A, B, C, D, E, and F. There were 6 architecture 
network algorithm deep learning in this study, namely  Attention_Unet 
FCN8s myChannelUnet UNet++ R2UNet and UNet. 
 
3.2. Results	of	Proposed	Enhancing	Marching	Cubes	Methods	
	 	
	 To illustrate the effectiveness of the above algorithms, this paper 
implements a 3D reconstruction algorithm based on the enhanced 
marching cubes algorithm and the processing of MRI images. MRI 
images are generally in DICOM format. In order to facilitate the reading 
of  matlab, the DICOM format is converted to the .png format before 3D 
reconstruction. In order to facilitate comparison, two sets of abdominal 
enhanced MRI images are selected as  experimental data, and only three-
dimensional reconstruction of corpus callosum is performed.  The pixel 
size of the two sets of MRI images is 256x256.  
 
 We tested our method on the  competitive dataset of ABIDE 2015 and 
OASIS 2018. The first set of reconstruction data consisted of 11 sagittal 
slices corpus callosum, and the second set consisted of 250 MRI slices.  
First, the voxel representations for 3D reconstruction were selected, and 
3 voxel  representations were used to perform 3D reconstruction of the 
corpus callosum surface. The first voxel representation is the voxel 
representation of the traditional MC algorithm, as shown in  figure 9(a) 
and figure 9(c). The second voxel is represented as an enhanced rule 

representation, as shown in figure 9(b) and figure 9(d). The result of 
comparison experimental of 3D reconstruction using Traditional 
Marching Cubes and Enhancing Marching Cubes (Proposed), the number 
of faces using traditional marching cubes was 5960. The number of faces 
using enhancing marching cubes (our proposed method) is 7826. The 
resulting numbers are very far apart, the results with the old algorithm will 
produce a small number of faces and number of points, and it will result 
in a 3d reconstruction with uncomplete reconstruction images results as 
evidenced by the number of open edges as many as 40 holes. by using the 
enhancing marching cubes algorithm, the number of points generated is 
3924, the number of faces generated is 7826. using the enhancing 
marching cubes algorithm will produce a 3d reconstruction with solid 
results and better evidenced by the absence of the number of open edges. 
  
4. Conclusion	

 
 In conclusing, this paper presents an improved marching cubes 
algorithm. First, by improving the representation of voxels, the volume of 
voxels can be increased. This reduces the number of voxels that need to be 
traversed during the 3D  reconstruction process, and further improves the 
operation efficiency of the 3D reconstruction algorithm. Before drawing 
the isosurface, the triangulated mesh based on the  quadratic 
measurement error is used to reduce the output triangular mesh. The real 
time interaction of the 3D reconstructed model is enhanced, so that the 
model has a faster response speed in the process of translation, 
enlargement and rotation. By using the enhancing marching cubes 
algorithm will produce a 3d reconstruction with solid results and better 
evidenced by the absence of the number of open edges.  
 

 
 

 	

  
           (a) Reconstruction with original marching cubes algorithm (grid-view)    (b) Reconstruction of proposed enhancing marching cubes algorithm (grid-view) 
 
  

  
           (c) Reconstruction with original marching cubes algorithm (image-view)    (d) Reconstruction of proposed enhancing marching cubes algorithm (image-view) 
 
FIGURE 9. Corpus Callosum 3D Reconstruction results of enhancing marching cubes 
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