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BRAIN MRI IMAGES ADAPTIVE DENOISING
BY APPLYING NEURAL NETWORKS AND RANGE-BASED PARTITIONING

Introduction. The denoising autoencoder model for enhancing the quality of
T1-weighted brain magnetic resonance imaging (MRI) images are considered.

Methods. This model utilized deep learning methods and incorporated additional
components to improve performance and maintain structural integrity. The key elements
included convolutional layers for feature extraction, batch normalization for stability, dropout
for regularization, and a unique gradient constraint layer to preserve gradient smoothness.

Results. Aspecialized activation function classified pixel values based on predefined
ranges, ensuring the model’s adaptation to varying intensity levels in MRI data. The
architecture consisted of an encoder-decoder structure with multiple steps of downsampling
and concatenation, facilitating the reconstruction of high-quality images. The combination
of these elements resulted in a robust model capable of reducing noise levels while
preserving important anatomical details.

Conclusions. The implementation of this autoencoder model enhanced the clarity
and diagnostic value of MRI scans, providing radiologists with improved tools for accurate
assessment. The study was conducted using a comprehensive dataset of Ti-weighted brain
MRI images.

Keywords: autoencoder, denoising, MRI Brain Images, deep learning, convolutional
neural network, gradient constraint, image reconstruction, medical imaging, DICOM.

Introduction

Medical imaging, particularly magnetic resonance imaging, holds significant
importance in medical diagnostics and treatment. However, these images often
contain noise or certain artifacts that can obscure fine details or introduce
extraneous features, affecting diagnostic accuracy (Aja-Fernandez, & Vegas
Sanchez-Ferrero, 2016). Therefore, noise reduction methods are currently a
relevant topic for enhancing the quality of MRI images, enabling more precise
and reliable clinical assessments.

This research focuses on developing an advanced denoising autoencoder model
specifically designed for T;-weighted brain MRI images. The proposed model
employs deep learning methodologies, particularly convolutional neural networks
(CNNs), to effectively reduce noise while preserving essential anatomical features
(Thakur et al., 2023). This approach integrates several innovations, with the primary

one being gradient constraint levels, to ensure optimal performance. By distributing
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pixel values across specific ranges, the model adapts to varying intensity levels of
MRI data, offering an improved and adaptive noise reduction process.

MeTtoau

Dataset. The dataset used in this study includes Ti-weighted brain MRI images
obtained from publicly available databases and anonymized clinical data sets. Each
image in the dataset adheres to standard MRI protocols, ensuring consistency in
terms of resolution, contrast, and anatomical coverage. The images are preprocessed
to normalize intensity values.

Model architecture. At the core of the developed noise reduction system with an
autoencoder model, developed with a encoder-decoder architecture as in most
similar neural networks of noise reduction (Sliusarenko, Netreba, & Radchenko,
2023). The encoder extracts essential features from the noisy input images, while the
decoder reconstructs the noise-free images. The model incorporates several
advanced layers and techniques:

* Convolutional Layers: These layers apply convolutional filters to capture
spatial features at various scales. The filters are trained to identify noise patterns and
corresponding anatomical details.

* Batch Normalization: This technique normalizes the outputs of each
convolutional layer, ensuring stable and efficient training by mitigating issues related
to internal covariate shifts.

* Dropout Layers: Dropout regularization is used to prevent overfitting by
randomly disabling a fraction of neurons during training, promoting model
generalization.

* Gradient Constraint Layer: A unique addition to the model, this layer computes
image gradients and enforces constraints to preserve smooth transitions and edges.

The gradient layer, as well as the method of dividing images at the network input,
are new approaches to physical awareness, which have already begun to show
themselves well in denoising tasks (Ghalambaz et al., 2024).

Evaluation metrics. The denoising performance is evaluated using several
quantitative metrics:

» Peak Signal-to-Noise Ratio (PSNR): Measures the ratio between the maximum
possible power of a signal and the power of corrupting noise, indicating the quality
of the denoised image.

* Structural Similarity Index (SSIM): Assesses the similarity between the
denoised image and the ground truth image in terms of luminance, contrast, and
structure.

* Pearson Correlation Coefficient: Measures the linear correlation between the
denoised image and the ground truth image.

* These metrics provide a comprehensive evaluation of the model's ability to
reduce noise while preserving crucial anatomical details.

Results

Physics. Magnetic Resonance Imaging (MRI) utilizes powerful magnetic fields,
radiofrequency (RF) pulses, and gradient fields to create detailed images of internal body
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structures, including the brain (Cleary, & Guimaraes, 2014). The fundamental principle
is that hydrogen nuclei (protons) in body tissues, excited by the magnetic field and RF
pulses, return to their equilibrium state, emitting an RF signal that is detected.

The patient is positioned within a magnetic field generated by a large magnet.
This field aligns the hydrogen protons along the direction of the field.

Protons are excited using an RF pulse whose frequency corresponds to the
Larmor frequency of the protons. This pulse causes the magnetic moments of the
protons to tilt away from the main field.

After the RF pulse is turned off, the protons return to their equilibrium state, releasing
energy in the form of RF signals. This process is known as relaxation and consists of two
components: T relaxation (longitudinal) and T relaxation (transverse).

Ti-weighted images are obtained by measuring the signal during T; relaxation.
Tissues with short T times (e.g., fat) recover their longitudinal magnetization more
quickly than tissues with long T times (e.g., water). As a result, tissues with short
T, appear brighter on the image, while tissues with long T appear darker.

Distinguishing different tissues on MRI images is based on differences in T
and T, relaxation times and proton density. When choosing scan parameters such
as repetition time (TR) and echo sequence time (TE), you can focus on different
tissue types.

Short TR and short TE produce T;-weighted images where the white matter is
bright, and the CSF is dark.

The neural network layer formulas consider the physics of MRI, extracting and
preserving important features corresponding to different brain tissues, normalizing
data for learning stability, and imposing physical constraints on gradients to preserve
signal properties. This provides efficient model training for denoising T-weighted
MRI images.

We split the input images into pixel intensity ranges, and the network works with
each range separately and assembles the output image.

Certain key elements of the network can be identified.

Input image X is normalized to the range [0, 1].

Convolutional layers perform the convolution operation, which is determined by
the following formula:

Yijk = Zm,n WinnxXitm,j+n + Dk.

Convolutional layers are used to extract image features that can correspond to
physical properties of brain tissue, such as contrast and texture, and they extract
spatial features that may correspond to the structure and texture of different brain
tissues displayed in T; images.

The normalization layer performs the following operation:

Sl
Vo? + €
These layers consider the statistical properties of the data, which helps to stabilize
the learning process, reducing the impact of variations in the data.
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The gradient constraint layer imposes constraints on the gradients to account for
the physical properties of the MRI signal:

oY
Loss = Z(S_X)z )

This imposes physical constraints on the gradients, ensuring that the physical
properties of the MRI signal are considered when training the model.

At the end, decoding layers are used, which use reverse convolution and pooling
operations with the aim of restoring the image to the original dimension

Yi,j,k = Wr,n,n,kXi’+m,j+n + bllc ,
mn

Evaluation metrics results. During training we used different levels of
superimposed noise consisting of Gaussian and salt and pepper noise. A value of 5 %
randomly damaged pixels with salt and percolation noise and a uniform Gaussian
noise damage starting at 5 % and ending at 50 % are used throughout. To
qualitatively evaluate image recovery, we have traditionally focused on PSNR and
SSIM metrics (Mason et al., 2020). PSNR provides information about the overall
image quality by measuring the average difference between the original and
reconstructed image. PSNR provides information about the overall image quality by
measuring the average difference between the original and reconstructed image.

SSIM. SSIM measures the structural similarity between two images (Mudeng,
Kim, & Choe, 2022). This metric is because the human eye is more sensitive to
changes in image structure than to changes in signal energy.

SSIM(X, }/) — gzl'lxi;y + Cl)(zcxy + CZ) '
(13 + 15 + C) (0% + 05 + C)
SSIM values range from —1 to 1, where 1 indicates perfect structural similarity,
0 indicates no similarity, and negative values indicate anticorrelation. SSIM
considers three main components: luminance, contrast and structure, which makes
this metric more complex and accurate compared to simple methods such as PSNR.

Figure 1 shows the change in the structural similarity index value with increasing
noise level.

We can see that with an increase in the noise level, the value of SSIM decreases,
however, evenly and gradually. At a relatively low level of noise (0—10 %), SSIM
remains high (over 95 %), which means a high structural similarity between the
original and the noisy image. At a very high level of noise (around 50 %), the SSIM
drops to around 82 %, indicating a not very significant degradation of structural
similarity even at this high level of noise.

PSNR. PSNR is used to measure the quality of image reconstruction. This is the
ratio of the maximum possible signal power to the noise power, which affects the
quality of its recovery.

PSNR = 201 (—MAX’ )
= 0910 ,
VMSE

where MSE (Mean Squared Error) is calculated as follows:
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PSNR is measured in decibels (dB). A higher PSNR value indicates a higher
recovery quality, as it means a lower root mean square error.
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Fig. 1. Structural Similarity Index Measure Dependence of noise level

PSNR(dB)
w w w w w w w
— N w e w o ~

w
o

10 20 30 40 50
level of noise(%)

Fig. 2. Peak Signal-to Noise Ratio Dependence on noise level

The fig. 2, like the previous one, shows that as the noise level increases, the PSNR
value decreases. At a low noise level (0—10 %), the PSNR remains high (over 35 dB),
which confirms the previous quality assessment and at high noise levels, the PSNR drops
to about 30 dB, which is still not a significant degradation, but no longer acceptable.

Pearson correlation. The Pearson Correlation Coefficient measures the linear
relationship between two variables (Ding et al., 2022). Its values vary from—1 to 1, where
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1 means a complete positive linear relationship (when one variable increases, the other
also increases), —1 means a complete negative linear relationship (when one variable
increases, the other decreases), 0 means no linear relationship between variables
The formula for calculating the Pearson correlation coefficient:
nYx;yi — Nxi LYi

\/[”inz —Cx)?|nTy? - Cy)A

We can consider that the reconstructed image matches the original very well if
there is a high correlation with values higher than 0.9. Additionally evaluating the
restoration of images with a lot of noise, we obtained a Pearson correlation value
higher than 99, which indicates a high linear correlation.

Discussion and conclusions

Developed a denoising autoencoder model to improve the quality of Ti-weighted
brain MRI images. A deep learning model based on a classic autoencoder was used.
The model was refined with additional layers for a more detailed restoration. A new
approach is presented that combines several innovations, the main one being gradient
constraint levels, to ensure optimal performance. By distributing the pixel values in
certain ranges, the model adapts to the different intensity levels of the MRI data,
offering an improved and adaptive noise reduction process.

Compared to other models that also give good results, our model uses a smaller
data set, and other models also use non-classical DICOM images, which is very
different from real clinical tasks.

It is shown that the use of this approach showed a high quality of denoising while
maintaining good detail and leaving the original values of the gradients that were in
the input image. We were able to obtain high recovery rates, as evidenced by SSIM
values higher than 90 % for noise levels up to 20 %, and this was confirmed by an
additional assessment of the peak signal-to-noise ratio, which also showed high
value of about 35 decibels for this noise level. We believe that this model still has
potential, but even such results are quite high given the new physics-based approach.

This approach has high potential because it is not based only on statistical features
of images and noise, as most of the denoising models that have already been
presented do. Our model uses physics as part of the denoising process. As further
research, additional physical parameters can be considered, as well as the
introduction of greater versatility into the model, to work not only with a certain type
of MRI images.
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AJANITUBHE 3HEHIYMJIEHHA MPT-306PA’KEHb MO3KY
3 BUKOPUCTAHHAM HEHPOHHHUX MEPEX
TA PO3BUTTA HA JIAITA30OHHU

BcTtyn. Po3po6ieHo Modesb agsmoeHKkodepa 0451 3HEWYM/1eHHS, NpU3Ha4eHy 051
nokpauwjeHus1 sikocmi Ti-3eadiceHUX MmazHiIMHO-pe30HAHCHUX momozpadiunux (MPT)
306pasiceHb MO3KY.

MeTtoau. lla modeav sukopucmogye memodu 2/1u60K020 HABYAHHA i Micmumb
dodamkogi KOMNOHeHmMu 0/ hideuujeHHs1 NpPodyKmMueHocmi ma 36eperceHHs
cmpykmypHoi yinicnHocmi 306pasceHs. Kalouoeumu esemenmamu € 32o0pmkosi wapu das
8uJ/1y4eHHs1 03HAK, HopMasi3ayisi nakemia 411 cma6iabHocmi, dropout 045 peayaspusayii
ma yHikaasHUuil wap 2padieHMHUx o6mediceHb 315 36epedxceHHs naasHocmi 2padieHmis.
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IlopieHsaHO 3 IHWUMU MO0deaaMuU, SIKI MaKoxic dalomsb Xopouwli pe3yibmamu, Hawa mModeb
suKopucmogye meHwuii Ha6ip daHux. IHwi modesi makoixc 3acmocogyioms HeKAaCU4Hi
DICOM-306pasiceHHs1, Wo cu1bHO 8idpi3HsIEMbCSA 8i0 peasbHUX KAIHIYHUX 3a80aHb.

PesyabTaTu. Cneyiarizoeana hyHkyis akmueayii kaacughikye 3HaueHHs nikcenie
Ha ocHosi nonepedHb0 eu3Ha4eHux diana3oHie, 3abe3neuyloqu adanmayiro modeai o
Pi3Hux pieHie iHmeHcusHocmi 8 daHux MPT. Apximekmypa cki1adaembuvcsa 31 cmpykmypu
eHKodep-deKodep i3 KiAbKOMa emanamu NOHUMCEHHS 8UGIpKU ma KoHkameHayii, wjo
cnpusiio 8i0meopeHHI0 8UCOKOSIKICHUX 306padiceHb. IIoeOHaAHHS Yyux esemMeHmie npusesno
do cmeopeHHs HaditiHoT Modei, 30amHoi 3HUMCYysamu pigHi wymy, 36epizaiouu npu ybomy
eaxcausi anamomiuHi demanai. O0HO0 3 nepesaz po3po61eHoi Mmodesi € BUKOPUCMAHHA
DICOM-306pasicenb 3amicmb  KAACUYHO20 nidxody 3 eeAukumu HaGopamu jpeg-
306pajciceHb, SIKI 4Yepe3 €600 npupody maioms empamu i CnomeopeHHs, W0 MOodHce
npuseecmu do Henpasu/ibHOI dia2HOCMUKU.

BucHoBKU. Bukopucmanusi DICOM-306pasiceHb Odae Gianbwl no8Hy KapmuHy i
Micmumb yci Heo6xidHi demasi Medu4HO20 306pasiceHHs], AKi HamM eda.1ocsa eidHosUMU
nicasi 3acmocysaHHs pi3HUX pieHie wymy. 3acmocyeaHHs yiei modeni asmoeHkodepa
nokpawuso 4imkicms i diacnHocmu4Hy yiHHicme MPT-ckaHis, 3a6e3neuyioyu padioozis
Kpawjumu iHcCmpyMmeHmamu 0151 mo4Hiulo20 oyiHioeaHHs. [locaiddiceHHs G6y/10 npogedeHo
HA 0CHO8I KOMN/1EKCHO20 Ha6opy daHux T1-3eaxceHux MPT-306pajiceHb MO3KY.

Knw4yoBi caoBa: aemoeHnkodep, 3Hewym.iaeHHs, MPT, 2au6oke Ha84aHHS,
20pmKoea HelpOHHa Mepedica, 06MeNCeHHs1 2padieHma, 8i0HO0B/1IeHHSI 306pajXceHHs,
MeduyHa sizyanizayis, DICOM.
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