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Abstract 
Visualization of the organs is very important in the medical field to 
correctly diagnose and treat any disease. Diagnosis and multiple 

surgeries of brain tumors also mandated impressive 3D brain visualization to 
the radiologist. Detection of magnetic resonance imaging (MRI) and restore 
imaging of brain tumors is a task that consumes computational time and is 
prone to uncertainty. Since bidimensional images have not ever given the 
actual feeling of exactly how a tumor appears, it requires 3D tumor 
reconstruction for research and treatment imaging. The complexity and 
diversity of tumors make it very difficult to visualize the tumor in MRI. 
3Dimage reconstruction is one of the most attractive avenues for the 
processing of digital signals, thanks in particular to its use in biomedical 
imaging.  The study provided an efficient and systematic restoration 
approach for 3D. It includes integrating multiple stages such as 
preprocessing of images, segmentation of images, and advancement of 3D 
models, and reconstruction on the identified tumor. In this paper we 
introduce modified fuzzy c means segmentation clustering (MFCM), and 
total-variation regularized discrete algebraic reconstruction technique (TVR-
DART) algorithm relying on an ant colony optimization (ACO) for 
reconstruction. 
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1 Introduction 
Using several 2D Magnetic Resonance (MR) images, we suggest a completely automated and 

efficient method for practical reconstruction of the 3D brain tumor model. Reconstruction of 

segmentation and 3D volume in medical imaging is a method that enables diagnostic optimization, 

and can also facilitate the specialist in qualitative and quantitative research. In diverse uses such as 

modeling, quantitative analysis, and image-guided surgery, it is an essential step. For clinical 

planning, detection, and quantification including such volume measurements, 3D segmentation of 

the pathology and healthy structures is absolutely critical. Detailed segmentation of pathological 

constructs is a challenging task since brain tumors differ significantly in size and location and may 

interfere with normal tissue and consume area [1]. 

The brain seems to have a very complex process and is considered a kernel as part of the 

body. The human brain works like a monitor that governs all of our body actions. The brain 

produces the thought, feelings, the strategy, etc.  The neurons in the brain capture the memories of 

all activities. The visual restoration or emulation of patient memories gathered using magnetic 

resonance imaging (MRI), electroencephalography (EEG), etc. is very important to accurate brain-

related patient diagnostics and healthcare professionals.  The medical image analysis can be used 

to analyze these recovered images [2]. Restauration of brain pictures is a large field when trying to 

work with such images, and is beneficial not just for diagnosis as well as for training local doctors. 

Oncologists in Radiation use one of the open visual interpretation and segmentation to expend a 

large amount of the time manual method performing the image segmentation.  There might still be 

cases when current methods struggle. Another aspect is that doctors also need to retain absolute 

control on segmentation [3]. 

In this paper, we proposed a solution that supports the brain tumor within it with a 3D 

visualization system. For this application, the Proposed Framework uses brain MR pictures. There 

are several stages to this method. The proposed system's first process removes noise from MR 

images. We obtain the segmented picture from an MFCM in the second step. This brain portion of 

the photos is taken from the tumor area. For 3D rendering, the tumor area that is derived from this 

step is used. For 3D visualization of the brain and tumor, we were using a rendering algorithm. 

2 Related Work 
Batenburg et al. [4] presents a discrete tomography (DT) image reconstruction method, 

called a Discrete technique for algebraic reconstruction (DART). DART can be added because the 

scanned object consists of only a few separate combinations, each of which correlates 

reconstruction to a steady gray color. With each arrangement, specific knowledge on the gray 

values is used to direct the latest reconstruction into a reconstruction that contains exactly such 

gray values. It is claimed that experimental experiments of both visual CT (Computer tomography) 

data and computational µCT (Micro Computer Tomography) DART data will measure more precise 

reconstruction from a small number of projection images.  It is also demonstrated DART can handle 
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noisy projection information efficiently and that the method is robust as regards errors in 

estimating the gray values. 

Mecheter et al. [5] Recently evolving hybrid positron emission tomography (PET) technology 

has become a significant necessity for a successful resonance imaging PET attenuation correction 

based on an MR image. MR image segmentation has been widely implemented in industrial PET / 

MRI scanners, as a reliable and easy tool for PET attenuation correction. The typical technique in 

this approach is to separate the MR image into various categories of tissues, each attaching an 

intensity constant as in an X-ray CT image. Deep learning approaches including clustering, 

labeling, and deep networks are commonly used for brain MR image segmentation. Nevertheless, 

only limited literature has been conducted on the usage of deep learning in brain PET attenuation 

correction. However, this implementation requires clinical assessment of machine learning 

techniques. The goal of the present research is to examine the usage of MR machine learning 

methods in the segmentation of images and their application in PET brain imaging attenuation 

correction. In addition, problems and potential opportunities are mentioned in MR image-based 

PET attenuation correction. 

WEI et al. [6] proposed a joint reconstruction and segmentation technique conducting 

immediate reconstruction and segmentation of images on the predicted results. To measure the 

consequent optimization problem, we identify an alternate minimization technique and change the 

primal-dual hybrid gradient strategy for the non-convex basis functions constant Mumford-Shah 

model, a prevalent estimation strategy for segmentation of biomedical images. The research 

framework is simulated and applied on real micro-CT data sets affirms the performance. 

Aarle et al. [7]  Previous knowledge on the compositions of the substance is used in the 

discrete method of algebraic reconstruction (DART) to create replicated high-resolution artifacts of 

a small prediction total. Typically this institutional experience is not readily accessible in service. 

Here, a fully automatic operation, named DART Projection Distance Minimization (PDM-DART), is 

recommended by dynamically determining the optimum gray level parameters all through 

reconstruction. In order to enforce PDM-DART, it is necessary to know just the variety of different 

grey levels in anticipation.  Modeling as well as actual µCT experiments show that PDM-DART is 

capable of computing reconstructed images of which the quality is similar to the reconstructions 

assessed by conventional DART based on precise prior information, thus eliminating the need for 

repetitive and error-prone manual intervention. 

Gopinath  et al. [8] introduces a Tomographic reconstruction method implemented using a 

regularization technique based on form. The reconstruction method involves structural 

representations of known characteristics as controllers in the restored system. Our scheme of 

regularization is driven specifically by shape data collected from segmentation and especially as 

contrasted to a recognized spatial model. We also demonstrated our virus program data method on 

automated phantom tomography, simulation data, and computational electron tomography (ET).  

Our reconstruction reported decreased blurring, and measurements were also needed to increase 
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the resolution of the reconstructed volume. Especially in comparison with common methods such 

as weighted back projection and algebraic methodology of reconstruction, this method also greatly 

increases the dividing lines of spike borders in viral genomes. Enhanced ET reconstructions will 

provide improved elucidation of the structure and better visualization of the function which can 

help to solve key biological problems. Our system can also be applied to other methods of 

tomography. 

Pelt et al. [9], in tomography, reconstruction of the image from a tiny proportion of 

projections is a complex task. Occasionally, ml technologies that integrate prior knowledge may 

achieve precise reconstructions but usually involve long computation times. Therefore, the 

requisite previous information may be very limited, restricting the types of the image which can be 

recreated. Here they implement a generative model, utilizing an artificial neural network to derive 

prior information automatically. We demonstrate that this technique can be seen as a mixture of 

processed steps of backprojection and thus has comparatively low computational costs. Studies 

with two separate situations illustrate the versatility of the current method, even when faced with a 

restricted range of predictions, of using the knowledge learned to generate high-quality 

reconstructions in a short time. 

Pelt et al. [10] introduce a new approach that enhances the filtered backprojection approach 

when using a custom filter that significantly reduces the resulting reconstruction error. We suggest 

that the new technique's computation complexity is considerably less than that of algebraic 

approaches. Research on both models and experiment results shows that the technique can provide 

more reliable reconstructions focused on static viewer filters then filtered back projections when 

faced with data with a small number of assumptions or empirical noise exists. The findings also 

indicate that the process generates reconstructions of algebraic approaches with equal precision. 

Ultimately, we show that the approach can be applied to certain types of contextual knowledge, 

thus increasing the accuracy of restoration in different situations. 

3 The Proposed Methodology 
The machine is intended for the identification and translation of MRI signals into grayscale 

to be analyzed further. The MRI images are made of some shades of green, blue and therefore the 

original MRI image has to be transformed into grayscale. The picture on a grayscale is given to the 

Wiener filter as input. The tumor is a region of the body that is the location on which the method 

functions.  Figure 1 gives involved steps of the system to build 3D reconstruction images. 
 

 
Figure 1: The proposed system to build 3D reconstruction images. 
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The portion of the context picture is extracted by using the algorithm of segmentation called 

Modified fuzzy c implies clustering (MFCM). After applying the segmentation technique to all the 

2D slices, it is stored in the mat file which is used as a phantom. The detected tumor is then 

replicated using TVR-DART in 3-Dimensional (3D) vision, extending the analysis to find out the 

exact shape and size of the specimen. 

3.1 MFCM 
The Fuzzy C-Means algorithm will assign the membership to all data points by measuring its 

distance from the cluster center. The least-square function will be minimized and it will be 

generalized among groups. While analyzing the fuzzy cluster the membership degree will be 

measured of their closeness of the object with the cluster center [11]. This clustering algorithm will 

work iteratively and it partitions the given data set with k partitions. The main objective of the 

Fuzzy C-Means algorithm is 

J(P, Q, R) = � 𝑟𝑟𝑖𝑖𝑖𝑖𝑚𝑚d2(Pi , Qj )
𝑛𝑛

𝑖𝑖=1
 (1). 

Here P is the data set, Q is centers of clusters and R is the fuzzy membership degrees. In the above 

objective function, 𝑚𝑚 is the fuzzifier to mention the value of “fuzziness” in the clustering, that 

1 ≤ 𝑚𝑚 ≤ ∞. 

The normal value assigned for 𝑚𝑚 is 2. If the result of 𝑚𝑚 is higher means a more fuzzy cluster 

and if m holds lower values which implies hard clusters. If the result is 1 then FCM will produce the 

same result as K-Means and it is called a hard algorithm. The Fuzzy C-Means will check the 

following conditions. 

rij = [0,1], 1 ≤ i ≤ n, 1 ≤ j ≤ k  

0 ≤� rij ≤ n,
𝑛𝑛

𝑖𝑖=1
1 ≤ j ≤ k (2). 

� rij = 1,
𝑘𝑘

𝑗𝑗=1
1 ≤ i ≤ n  

The function of the Fuzzy C-Means algorithm will minimize by using an updated equation, 

rij = (� (d
2�Pi ,Qj �
d2�Pi ,Qj �

 
𝑘𝑘

𝑗𝑗=1

)^( 1
m−1

))^ − 1  (3), 

qj = (� 𝑟𝑟𝑖𝑖𝑖𝑖𝑚𝑚Pi ) /
𝑛𝑛

𝑖𝑖=1
� 𝑟𝑟𝑖𝑖𝑖𝑖𝑚𝑚  1 ≤ j ≤ k 

 

𝑛𝑛

𝑖𝑖=1
  (4). 

4 TVR-DART 
An iterative reconstruction technique is proposed, TVR-DART yields more precise 

reconstructions in noise environments using minimal projection than DART. TVR-DART takes 

DART's key principle of directing the solution towards gray values and integrates this approach into 

an integrated compressive sensing optimization system. We replace DART's hard segmentation 

phase with a soft segmentation process that is represented by a description of logistic functions. It 
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helps to smooth the target role and lets us tackle the distinct problems of restoration and 

approximation of gray value within a non-convex optimization method in effect. A high variance 

word dependent on the reconstruction refers to the objective feature for noise reduction and 

reconstruction tracking under extremely restricted data conditions.  Central TVR-DART concept is 

to shift the values in reconstruction softly and to use the soft segmentation feature for each 

iteration, and to track the whole picture regularly such that reconstruction is best matched to the 

projection data and its borders across regions with clear distinct gray values only after soft 

segmentation.  Because the ℓ1-norm applies to the reconstruction segmented, TVR-DART in the 

reconstruction provides consistent and sharp limits without distorting the solution. 

In TVR-DART, we integrate DART's solution steering notion with TV regularization, and in a 

computerized optimization framework, we fix the issues of discrete tomography. Analytic 

functional Form consists of two components: a data compatible word integrating the discrete prior 

word, and a regularization term that ensures sparse image gradients. 

 (5), 

 (6), 

 (7), 

where 𝐹𝐹fit is the data fit term, 𝐹𝐹reg is the regularization term applied to enforce sparsity of gradient 

over the discrete solution,  and The lambda is the mass required to control the sharing of target 

feature between the two pieces. ∇𝑆𝑆(x, R) depicts the Soft Segmentation, which seamlessly transfers 

the gray levels to a distinct solution. The Huber norm function is 

 (8). 

Having the strong segmentation into the objective function gives the pixel values a gentle 

drive that encourages distinct approaches. To steer towards sparse strategies, the picture gradient 

Huber Norm is introduced, and a differentiable objective function is generated. TVR-DART's 

objective function is to be minimized over x reconstruction and the segmentation parameter R. 

 (9), 

where G implies prior knowledge of the total pattern of distinct gray values in the process of 

reconstruction. 
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4.1 Reconstruction 
Through the application of the segmentation function and Huber norm, the function F(x, R) 

is differentiable, the approximation is used for the subsequent reconstruction iteration. The 

second-order F(x, R) around Taylor series for the current iteration is  

 (10). 

5 Results and Discussion 
The paper offers an in-depth theoretical study to analyze TVR-DART 's capacity from 

distorted data and with restricted projection pictures and to interact with current methods like 

Simultaneous Iterative Reconstruction Technique (SIRT), TVmin, and DART.  The findings prove 

TVR-DART is able to build more accurate reconstructions in challenging realistic conditions. We 

also show that, under various conditions, the limited number of algorithm parameters can be easily 

modified. Here we construct a series of simulations that will evaluate the efficiency of the proposed 

process. In MATLAB, all experiments are performed on a 1.8 GHz Intel core i5  processor. The 

simulations were based on a series of 128*128 pixel-slices of 2D brain tumor slices. 

 

 
Figure 2: Input slice. 

 

The performance metrics are shown in Table 1. The values obtained for peak signal-to-noise 

ratio (PSNR) show the efficiency of the TVR-DART algorithm based on ACO. Figure  2 displays an 

image of the input. The picture segmented using MFCM is shown in Figure 3. The 13th slice shown 

in Figure 4 is a transverse view. 
Table 1: Performance metrics of proposed method 

images PSNR MSE Execution time 
(ms) 

SNR 

1 27.30 0.00186 0.32062 16.53 
2 30.70 0.00085 0.34114 18.28 
3 18.31 0.01474 0.38885 10.55 
4 20.647 0.00862 0.39299 12.03 
5 22.598 0.00550 0.42207 14.60 
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Figure 3: segmented output using MFCM. 

 

 
Figure 4: A Transverse view of the 3D image at 13th slice 

 
TVR-DART in Reconstruction, under the noise level and projection images. Convergence 

Through iterations, objective function. Convergence of gray calculation by iterations as the sum of 

the errors of the predicted values of gray. 

5.1 Sinogram of the Phantom 
Then, some of the figures show a different view of the phantom's Sinogram. The image 

reconstructed using TVR-DART is depicted in Figure 5.  Figure 6 shows the production restored by 

the ACO-based TVR-DART. 
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Figure 5: Reconstructed image using TVR-DART. 

 

 
Figure 6: Reconstructed image using ACO with TVR-DART. 

6 Conclusion 
3D reconstruction is an important aspect of applications for image processing in different 

aspects of our lives, including medical images. The 3D reconstruction technique applied is checked 

using 2D slices of the brain tumors.  TVR-DART guides the alternative towards discrete gray values 

with the overall deviation of the discrete limits of the solvent. The gray values and the 

segmentation function thresholds are estimated, varying with the reconstruction. TVR-DART 

methods based on ACO yield the best PSNR ratio compared to the current methods. We have 

extracted the tumor region very efficiently using MFCM. 

7 Availability of Data, and Material 
Data can be made available by contacting the corresponding authors. 
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