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Abstract— Higher image reconstruction with excellent 

structural detail allows experts to perform accurate analysis, 

especially on the smallest organ details. The interpolation 

method that approaches the problem of medical image 

reconstruction, especially 3D, still causes serious problems. The 

medical image produced by the interpolation method produces 

blurred or smooth lines on some parts of the organ. This can 

cause errors in the medical analysis that will be carried out if 

the reconstruction results are problematic. For this reason, a 

method is needed that can reconstruct images well without 

producing blur but does not require very large computer 

resources. This study aims to evaluate and compare the quality 

of 3D magnetic resonance imaging medical images 

reconstructed using interpolation methods and artificial neural 

network architectures in the DICOM data format. This study 

evaluates and compares the quality of 3D magnetic resonance 

imaging medical images reconstructed using interpolation 

methods and artificial neural network architectures. The test 

scenario was performed using images from the ADNI dataset 

and comparing the output results using a variational 

autoencoder and a multi-level densely connected super-

resolution network on 3D data with existing interpolation 

methods. The evaluation was done using two metrics, i.e., SSIM 

and PSNR. The results showed that the variational autoencoder 

method has the highest SSIM and PSNR values, indicating it has 

the highest image quality among the three methods, while the 

mDCSRN method has the lowest SSIM and PSNR values, 

meaning it has the lowest image quality. 

Keywords—DICOM, Reconstruction, MRI Brain, 

Computer Vision 

I. INTRODUCTION  

Higher image reconstruction with excellent structural 
detail allows experts to perform accurate analysis, especially 
on the smallest organ details. However, to produce high-
resolution images, experts usually use devices with 
superconducting magnets that are very large, which is very 
burdensome in terms of infrastructure, size, and cost. Not all 
health facilities can meet these needs. Advances in technology 
can overcome these needs using reconstructing using the 
interpolation method. The interpolation method is possible 
because it does not require a large device to run. The 
interpolation method can also be performed with data with 2D 
and 3D dimensions, so this method is very flexible. 

However, the interpolation method [10] that approaches 
the problem of medical image reconstruction, especially 3D, 
still causes serious problems. The medical image produced by 

the interpolation method produces blurred or smooth lines on 
some parts of the organ as seen in Figure 1. In Figure 1, which 
is shown by the direction of the small arrow, the parts should 
intersect each other but what happens instead is that they 
merge, causing the parts to become one organ. This can cause 
errors in the medical analysis that will be carried out if the 
reconstruction results are problematic. For this reason, a 
method is needed that can reconstruct images well without 
producing blur but does not require very large computer 
resources.  

Some research has been done on medical image 
processing such as super resolution. Super-resolution methods 
have potential benefits, thus many focus on optimizing them 
to improve accuracy and speed using deep learning 
convolutional networks. however, this study only focuses on 
2D brain MRI data. One approach to enhance accuracy is to 
minimize the value Mean Squared Error (MSE). Research 
[12], which was influenced by the Resnet model, resulted in 
the SRResNet model which optimizes MSE values. This study 
resulted in a high Peak Signal-to-Noise Ratio (PSNR) value 
of 23.53db, surpassing the conventional interpolation method 
which yields only 21.59db. Another study [17] tried to 
reconstruct the image using Generative Adversarial Network 
(GAN) with Perceptual Loss, resulting SRGAN (Super 
Resolution Generative Adversarial Network) model. While 
the SRGAN model was able to reconstruct the image but 
PSNR values were lower than conventional SRResnet and 
Interpolation, which is 21.15db.   

Digital Imaging and Communications in Medicine 
(DICOM) is a widely adopted data communication standard 
used by medical devices, particularly for Brain MRIs. While 
many researchers tend to use the NIFTI data format in their 
studies, especially [3]. In this study, the researcher will 
compare the reconstruction results between the interpolation, 
study [3], and the VAE method [25] using 3D shaped DICOM 
format dataset. The evaluation will be performed using 
Structural Similarity Index Measurement (SSIM) and PSNR 
metrics. 

This research aims to evaluate and compare the quality of 
3D magnetic resonance imaging medical images 
reconstructed using interpolation methods and artificial neural 
network architectures in the DICOM format. The test scenario 
is carried out by taking images per slice from the Alzheimer's 
Disease Neuroimaging Initiative (ADNI) dataset and then 
comparing the output results of high-resolution medical 
images using several neural networks used in this case 
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variational autoencoder (VAE) and multi-level densely 
connected super-resolution network (mDCSRN) on 3D data 
with existing interpolation methods. Image evaluation metrics 
to be used such as SSIM and PSNR. If the evaluation result of 
the SSIM metric is close to 1.0, the image is similar to the 
original image, while for PSNR the higher the decibel value 
of PSNR, the better the image. 

II. LITERATURE REVIEW 

Recent advancements in machine learning have 
contributed to the development of successful image 
reconstruction techniques using low-resolution inputs to 
produce high-resolution images. [5] proposed a method that 
differs from previous approaches, [14] in which patch space 
modeling is done using knowledge obtained from dictionaries 
and manifolds. Instead, the proposed method obtains 
knowledge during the learning process via hidden layer. 
Optimization is done by extracting patches with a convolution 
technique called Super-Resolution Convolutional Neural 
Network (SRCNN). The SRCNN method is particularly 
advantageous as it has a simple neural network structure with 
only three layers, high accuracy compared to state of the art, 
fewer filters and layers. It is also fast in computation, even 
when only using a CPU, due to its full feed-forward design. 
However, the method does have limitations, including the fact 
that deeper layers in the method may not improve image 
quality, resulting in decreased contrast even though it has a 
high Structure Similarity Index Measure value, and is limited 
to 2D images. In another study, researchers proposed a new 
neural network model for 3D data, namely the multi-level 
densely connected super-resolution network (mDCSRN) 
model with training performed by the generative adversarial 
network (GAN) model. The resulting mDCSRN model 
produces fast image reconstruction and realistic image output 
that is almost indistinguishable from the original image. 
However, this study used the nifti dataset and used a 64 x 64 
x 64 patch. 

III. METHODOLOGY 

A. Super Resolution 

According to [3] Single Image Super Resolution (SISR) is 
a process of estimating in image to convert a low-resolution 
image Y into an actual X image with high resolution, the 
relationship between and can be seen in equation (1) as 
follows: 

𝑌 = 𝑓(𝑋) (1) 

A previous study [3] utilized 2D models on 3D medical 
images by processing them slice by the slice or by combining 

results from different views. However, this approach fails to 
fully utilize the structural information present in the 3D form 
of medical images. 3D models, on the other hand, allow for a 
more thorough understanding of the data, for example by 
enabling the detection of small blood vessels bending in 
adjacent parts of the image, which might be difficult to discern 
using a 2D SR model. 

B. Variational Autoencoder 

In this section, the researcher will provide details of the 

VAE method [3]. VAE is consisted of three sections: the 

encoder, decoder, and Latent Space. The encoder is used to 

extract features from low-resolution (LR) and ground-truth 

images. The encoder's feature extraction results in a latent 

space, which is randomly sampled into mean and variance. 

Then reparameterization is applied, so that backpropagation 

can be used to estimate the features and reconstruct the initial 

image dimensions on the decoder layer. 

𝑞∅(𝑧|𝑌)  = 𝒩 (𝑧; 𝜇∅(𝑌), 𝜎∅(𝑌), 𝐼) (1) 

For the generative model pθ(x,z), we assume p(z) is 

assigned to the multivariate Gaussian units, ie p(z) = N(0,I). 

Assuming that these two nonlinear functions μθ and σθ map 

from z to the mean and standard deviation vector 

respectively, we get that 

𝑝𝜃(𝑌̂|𝑧)  = 𝒩 (𝑌̂; 𝜇𝜃(𝑧), 𝜎𝜃(𝑧), 𝐼) 
(2) 

Looking at the network architecture of this model, we can 

see why this model is called an autoencoder. 

𝑌 
𝑞∅(𝑧|𝑌)
→     𝑧 

𝑝𝜃(𝑌|𝑧)
→     𝑌̂ 

(3) 

Input x is probabilistically mapped to code z by the 

encoder 𝑞∅  which is ultimately mapped probabilistically 

back to the input space by the decoder 𝑝∅. We take samples 

𝑧𝑖 , 𝑙 = 1… . 𝑙 from 𝑞∅(𝑧|𝑌) to reduce the variance of our 

gradient estimates, we apply a reparameterization trick to the 

multivariate Gaussian distribution 𝑞𝜃(𝑧|𝑌) using the noise 

distribution of the random epsilon the sample is taken from 

the Gaussian multivariate unit, i.e., 𝑝(𝜖) ~ 𝑁(0,1) . we 

can write the reparameterization for qφ as follows : 

𝑧(𝑙) = 𝜇∅(𝑌) +  𝜀 ⨀ 𝜎∅(𝑌) 
(4) 

Where: 

𝜖(𝑙)~ 𝑁(0,1) (5) 

Figure 1. Comparison of images resulting from the reconstruction of interpolation and ground truth 
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C. SSIM 

Based on research [1], the SSIM is a method for 

evaluating the quality of reconstructed images. This metric 

was invented by [29] to measure the degradation in the 

quality of reconstructed images. SSIM can be calculated 

using formula (6) as follows: 

𝑆𝑆𝐼 =
(2𝜇𝑆𝜇𝑆𝑅 + 𝐶1)(2𝜎𝑆𝑆𝑅 + 𝐶2)

(𝜇𝑆
2 + 𝜇𝑆𝑅

2 + 𝐶1) + (𝜎𝑆
2 + 𝜎𝑆𝑅

2 + 𝐶2)
 (6) 

The SSIM formula uses standard deviation (σ) values and the 

mean (μ) values of the reference and target images, along 

with constants C1 and C2, to stabilize the calculation. A 

SSIM value of 1 suggests that the reconstructed SR MRI 

image is identical to the HR MRI image. 

D. PSNR 

Research [1] indicates that the PSNR is used to calculate 
the decibel value of the maximum signal to noise ratio 
between the ground truth and the reconstructed images. A 
higher PSNR value indicates better image quality. The 
calculation of PSNR can be done using formula (7): 

𝑃𝑆𝑁𝑅 = −10𝑙𝑜𝑔10
𝑒𝑚𝑠𝑒
𝑆2

 (7) 

E. Dataset 

This study uses a dataset of public brain MRI data from 
ADNI, an organization that focuses on biomedical research, 
particularly related to the brain. This data is in 3D format with 
DICOM format, the brain MRI data includes x, y, and z values 
from each point in a 3D volume, also known as a voxel, a total 
of 92 datasets were used in this study and divided into several 
groups based on AD (Alzheimer's Disease) diagnosis, such as 
6 men with age ranging from 55 to 57 years old, CN 
(Cognitively Normal) with 43 people, which includes 13 men 
and 30 women with age ranging from 55 to 88 years old, 
EMCI (Early Mild Cognitive Impairment) which consist of 54 
men and 1 woman with age ranging from 73 to 89 years old, 
LMCI (Late Mild Cognitive Impairment) has 6 people consist 
of 6 men and 6 women with age ranging from 72-83 years, 
MCI (Mild Cognitive Impairment) has 27 people, 6 men, and 
21 women, with age ranging from 55 to 88 years old, SMC 
(Significant Memory Concern) has 5 men, 13 battery people 
and 2 women with age ranging from 73 to 80 years old. 
Visualization of sample datasets are presented in Figure 2, 3 
and 4. 

 
Figure 2. Axial Dataset ADNI 

 

 
Figure 3. Coronal Dataset ADNI 

 

 
Figure 4. Coronal Dataset ADNI 

IV. EXPERIMENTAL 

This section will explain the methodology used in the 
research which consists of the stages of the research and the 
schedule of the research being conducted. 

Figure 5. Research Flow 

This section will explain the methodology used for relation 
to the research which consists of the stages of the research and 
the schedule of the research being conducted. Figure 5 is an 
overview of the stages of the research to be carried out. At the 
literature review stage, the researcher conducts a literature 
review process where the literature is used as a reference from 
journals, conferences, and related books. At the data collection 
stage, researchers explored public datasets that can be 
accessed, one of which is the public dataset originating from 
ADNI, an organization that focuses on biomedical 
development, especially the brain. Furthermore, the 
researcher carried out the data preprocessing stage, namely the 
process of preparing data before conducting research. After 
preprocessing the data, the training process is carried out using 
the neural network architecture and the metric evaluation 
calculation process is carried out using SSIM and PSNR 

A. Preprocessing 

The data preprocessing used in this study uses DICOM 

stacking, normalization, and patching. The DICOM stacking 
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carried out in this study refers to previous research [10] where 

stacking must be in accordance with the slice sequence 

obtained in the DICOM metadata. The medical MRI image 

obtained is a slice-shaped image with a DICOM file 

extension. The data must be stacked to obtain a 3D image. 

Normalization in this study uses min-max normalization. Due 

to the limited memory used, only 16 GB RAM, the researcher 

performs the patching process on each 3D dataset that will be 

trained as done in previous research [26]. 

B. Training and Parameter 

The experimental process will be carried out using Google 
Collab with a Tesla K80 GPU, with 16 GB of RAM. The 
training process will involve using low-resolution data from a 
patching dataset with dimensions of 256 x 256 x 256 which 
will be split into smaller patches of 32 x 32 x 32, resulting in 
8 patches per dimension (x,y,z) with a total of 512 patches. A 
total of 93.184 datasets with dimensions of 32 x 32 x 32 will 
be obtained. The training set will be split into a 70:30 ratio, 
with 65.229 datasets for training and 27.955 datasets for 
testing. The down sampling and up sampling process will use 
the 3D Trilinear Interpolation method. The sigma value using 
is one. The scaling factor used in this experiment is 2 and the 
ground truth used is the original image from the dataset. This 
study uses 128 latent dimensions. Loss calculations in this 
research will be carried out using MSE and Reconstruction 
Loss where the loss value will be calculated when each image 
has been generated after batch size, then backpropagation will 
update each weight. For the optimizer at super-resolution 
which will be trained using the Adam optimizer using initial 
learning rate 𝛼0 = 1𝑒 − 3     the total number of epochs (100 
in this case).   

C. Implementation and Evaluation 

At this stage, the researcher will explain the results and 
tests carried out by taking images per slice from the dataset 
and then comparing them with the original images using 
several state-of-art methods resulting from the reconstruction, 
in this case, the interpolation method, mDCSRN, and VAE.

Figure 6. Comparison of Image Reconstruction Results 

At this stage, the researcher will present the results and 
tests conducted by selecting images per slice from the dataset. 
The researcher compared the results of image reconstruction 
as shown in Figure 6, which depicts the output of SR images 
from various methods applied in this study. The inputs in this 
research are low-resolution images, as seen in the image. Low-
resolution images are obtained by applying a sigma value to 
each patch, resulting in a blur effect. The neural networks then 
perform the process of reconstructing high-resolution images 
to produce a clear image. The results of the reconstruction 

reveal that the sigma value affects the pixel intensity value. It 
can be seen that the image reconstruction results from the 
VAE neural network are better than interpolation and 
mDCSRN methods. However, the reconstructed images still 
have some level of blur. Additionally, the VAE neural 
network generates images that have artifacts or shadow lines, 
unlike the other models. 

The VAE and mDCSRN models both Improve image 
sharpness by reducing blur and allowing for clear 
visualization of brain details, as shown by the high PSNR 
values between the two models. However, the mDCSRN 
mode’'s reconstruction results show a significant decline, as 
indicated by the low SSIM value, compared to the results of 
reconstructing local data. This decline results in the 
reconstructed image appearing darker. 

TABLE I.  TABLE OF IMAGE RECONSTRUCTION COMPARISON RESULTS 

BETWEEN METHODS USING SSIM AND PSNR EVALUATION METRICS 

No Methods Sigma 
Dataset ADNI 

SSIM PSNR 

1 Interpolation 1 0.87 22.89 

2 

multi-level 
densely 

connected 
super-

resolution 
network 

1 0.75 19.20 

3 
Variational 

Autoencoder 
1 0.88 23.19 

Table 1 compares the outcomes of the interpolation 
method, mDCSRN , and VAE using the evaluation metrics of 
SSIM and PSNR. A high SSIM value of close to 1.0 indicates 
that the image is similar to the identical or original image, and 
a high PSNR value suggests a better-quality image.  

Based on the table 1 the VAE method has the highest 
SSIM and PSNR values, indicating it has the highest image 
quality among the three methods. On the other hand, the 
MDCSRN method has the lowest SSIM and PSNR values, 
meaning it has the lowest image quality 

 

 

Figure 7. 3D Medical Image Visualization 

Figure 7 (right) is a 3D visualization of the medical image 
when a 3D plot is performed using the python programming 
language with the matplotlib library. Figure 7 (left) is a 
visualization of the image of the inner organ of the brain. It 
can be seen that the inside of the brain has 3 main parts, 
namely the cerebrum, cerebellum, and brainstem. In addition 
to the inside of the brain, an image of the skull or skull bone 
is also formed. The skull is a set of bones that form the 
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structure of the face and head while protecting the brain from 
impact. 

V. CONCLUSION 

From the research that has been carried out, it can be 
concluded that to reconstruct high-resolution images using 
neural network VAE models, mDCSRN  and interpolation 
methods can be performed on the ADNI 3D dataset. Testing 
of reconstruction results is done using evaluation metrics. 
Evaluation metrics in this study were carried out using SSIM 
and PSNR. Then the results show that the VAE method has 
the highest SSIM and PSNR values, indicating it has the 
highest image quality among the three methods. On the other 
hand, the mDCSRN  has the lowest SSIM and PSNR values, 
meaning it has the lowest image quality. 
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