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The article presents an overview of image enhancement and noise reduction methods based 
on convolutional and recurrent neural networks with the addition of non-local operations 
blocks. These methods are widely used in various industries. In medicine, they help improve 
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the quality of MRI images, which, in turn, contributes to the accuracy of doctors' diagnoses. 
In the field of security, these technologies enable image enhancement and detail enhancement. 
The article covers the main available approaches to image enhancement. The article analyzes 
the main characteristics of the considered neural networks, as well as the scenarios in which 
they demonstrate the greatest effectiveness. A table with the performance of different image 
enhancement methods is also presented, to which the investigated method is added to evaluate 
its effectiveness in image enhancement. The paper emphasizes the advantages of each of these 
approaches and their effectiveness in different conditions. Considering the specific features of 
the denoising task, such as the type of noise, image type, and processing constraints, will help 
select the most appropriate architecture to achieve the desired result. The article also discusses 
the use of the non-local operations block to improve image quality. This block serves to identify 
global interrelationships between pixels, which contributes to better modeling of relationships 
between different parts of the image. Thanks to the non-local operations block, it is possible 
to efficiently detect long-term dependencies and contextual information, which in turn leads 
to improved noise disaggregation and image restoration. The article offers a comprehensive 
overview of image enhancement and denoising methods that use convolutional and recurrent 
neural networks with the addition of a non-local operations block, and also provides information 
on existing approaches. The information and guidelines provided in this article can be helpful in 
choosing appropriate methods for solving image processing tasks. The article is useful for image 
processing and machine learning researchers who want to understand the main differences 
between convolutional neural networks (CNNs) and recurrent neural networks (RNN), as well as 
with already known approaches to improving and reducing noise in images.

Key words: image quality, convolutional neural networks, recurrent neural networks, Non-
local operations, image denoising.

Антоненко А. В., Солобаєв С. Г., Востріков С. О., Балвак А. А., Мішкур Ю. В., 
Приходько А. П. Аспекти використання нейронних мереж для покращення якості 
зображень

У статті представлений огляд методів покращення та зменшення шуму в зображен-
нях, які ґрунтуються на згорткових і рекурентних нейронних мережах із додаванням блоків 
non-local operations. Ці методи знаходять широке застосування в різних галузях. У меди-
цині вони допомагають поліпшити якість МРТ-знімків, що, в свою чергу, сприяє точності 
діагнозу лікарів. У сфері безпеки ці технології дозволяють покращувати зображення та 
підкреслювати деталі. Стаття охоплює основні наявні підходи до поліпшення зобра-
жень. У статті проведено аналіз основних характеристик нейронних мереж, що розгля-
даються, а також сценаріїв, у яких вони демонструють найбільшу ефективність. Також 
представлено таблицю з результатами роботи різних методів покращення зображень, до 
якої додано досліджуваний метод для оцінки його ефективності у покращенні зображень. 
У роботі підкреслено переваги кожного з цих підходів і їхню результативність у різних умо-
вах. Врахування специфічних особливостей завдання знешумлення, таких як тип шуму, вид 
зображень та обмеження обробки, допоможе вибрати найбільш відповідну архітектуру 
для досягнення бажаного результату. У статті також обговорюється застосування блоку 
non-local operations для підвищення якості зображень. Цей блок служить для виявлення 
глобальних взаємозв'язків між пікселями, що сприяє кращому моделюванню відносин між 
різними частинами зображення. Завдяки блоку non-local operations можна ефективно вияв-
ляти довготривалі залежності та контекстну інформацію, що, в свою чергу, призводить 
до покращення дезагрегування шуму та відновлення зображень. Стаття пропонує всебіч-
ний огляд методів покращення та знешумлення зображень, які використовують згорткові 
і рекурентні нейронні мережі з додаванням блоку non-local operations, а також надає інфор-
мацію про наявні підходи. Інформація та рекомендації, наведенні в цій статті, можуть 
бути корисними для вибору відповідних методів для розв'язання завдань обробки зображень. 
Стаття є корисною для дослідників у галузі обробки зображень та машинного навчання, які 
хочуть ознайомитися з основними відмінностями між згортковими нейронними мережами 
(CNN) та рекурентними нейронними мережами (RNN), а також з уже відомими підходами 
до покращення і зменшення шуму в зображеннях.

Ключові слова: якість зображень, згорткові нейронні мережі, рекурентні нейронні 
мережі, Non-local operations, знешумлення зображень.

Introduction. Existing approaches to improve image quality. Image enhancement is the 
process of improving image quality [1] by removing noise, restoring detail, increasing res-
olution, and improving the visual experience. The main methods of improving the image:
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1. Image filtering: Application of filters to improve image quality. For example, a 
Gaussian filter or a median filter is good for reducing image noise.

2. Image restoration: Using algorithms to restore details and remove defects in the 
image. It can be recovery using a deconvolution algorithm, morphological recovery 
algorithms

3. Resolution enhancement: Methods that aim to improve the resolution of images. 
For example, interpolation, super-resolution and the use of algorithms based on artificial 
neural networks.

4. Deep learning: Using neural networks for image enhancement. Deep neural net-
works can be trained to analyze images and perform tasks such as noise reduction, detail 
recovery, blur removal, and more.

Formulation of the problem. The relevance of research on image restoration, 
denoising and quality improvement will always be high, because the field of use is very 
broad and often very important for human health. In many scientific disciplines, includ-
ing medical imaging, astronomy, geology and biology, high-quality images are a key 
element for analysis, research and obtaining results. They provide valuable information 
and help uncover new knowledge in their respective fields. MRI images are used in 
medicine for diagnosis and treatment, camera images for facial recognition, video sur-
veillance for object detection, photography and graphic design for visual enhancement, 
and many other fields. In case of quality deterioration due to external factors, it would 
be good to have a quality improvement tool. In this work, a comparative analysis of 
approaches to image enhancement using convolutional networks (CNN) and recurrent 
networks (RNN) is carried out. Both approaches show adequate results and have poten-
tial for improvement.

The aim of the study. The purpose of this work is a comparative analysis of two 
image enhancement methods based on the use of convolutional and recurrent neural 
networks.

The work examines practical and theoretical aspects. In accordance with the goal, 
the following tasks were formed: to analyze the architectural features of the investigated 
networks; to compare the results of the research method based on RNN with existing 
methods; determine the future direction of research.

Analysis of recent research and publications. Convolutional Neural Networks 
(CNNs) are widely used in image restoration and are the most popular neural network 
for image enhancement. The vast majority of researchers [2] take it as a basis. The first 
CNNs were used to remove noise in images. A significant role in this multilayer percep-
tron (MLP) to eliminate noise. The MLP was trained to directly correlate noisy areas of 
an image with clean areas using a large dataset.

The next step was to apply CNN to enhance the resolution of low-resolution images. 
SRCNN (convolutional neural network with high resolution) presented in [3] was a 
breakthrough work. The key idea behind SRCNN is to train the network using a large 
dataset of low– and high-resolution image pairs. During the training process, the net-
work learns to optimize its parameters to minimize the difference between the generated 
high-resolution image and the corresponding input image.

Using the power of deep convolutional neural networks, SRCNN achieves impres-
sive results. Another area of use for CNN is image denoising, turning blurry images 
into more. Several CNN-based methods have been proposed to handle different types 
of blur. One well-known approach is DeblurNet. The principle of this approach is to 
process input frames that are located next to each other through several convolutional 
layers until a blurred central frame is output.
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DnCNN-SR [4] became a logical development in the direction of image improve-
ment. The author combined approaches to reduce noise and increase image resolution. 
This combined approach improved the quality of reconstruction by simultaneously 
reducing noise and increasing image resolution. Overall, CNNs have played a crucial 
role in improving image restoration techniques. They have demonstrated exceptional 
capabilities in denoising, ultra-high resolution, deblurring and other restoration tasks.

Presentation of the main research material. An interesting approach is the use of 
recurrent neural [5] networks in the field of image processing. The author of this article 
used a recurrent neural network and added a non-local operation module to improve 
the performance of the neural network. Recurrent Neural Network (RNN) is a powerful 
tool for image processing with several advantages, and in combination with Non-Local 
Operation, the result of work improves many times [6].

The combination of recurrent neural network (RNM) with non-local operation opens 
up new possibilities for image processing. Here are some of them:

1. Taking into account long-term dependencies: RNM allows the model to collect and 
use long-term dependencies in images, taking into account context and relationships between 
objects. Adding a non-local operation allows you to collect information from all positions 
of the image, not limited to only the local area. This helps the model better understand the 
relationships between different parts of the image and provides better processing quality.

2. Ability to work with variable length input images: RNM can adapt to images of 
different sizes, which allows processing large or small images without loss of quality. 
The combination with non-local operation allows the model to collect information from 
all parts of the image, regardless of their size. This is especially useful when we are 
dealing with large images or when the sizes of the objects in the image are different.

3. Overall better quality of processing: The combination of recurrent neural networks 
with non-local operation can lead to an improvement of the overall quality of image pro-
cessing. This is explained by the fact that non-local operation allows the model to take 
into account the wider context and dependencies in the image, while the RNM ensures 
the preservation and use of this information at each processing step.

The idea of combining neural networks with additional modules is not new. The 
mechanisms [7, 8] for improving images considered in this work are based on the use of 
neural networks to which it is advisable to add a Non-Local Operation module to solve 
these problems.

Non-Local Operation is an element for detecting dependence in neural networks [9]. 
Intuitively, the non-local operation calculates the value at a point as a weighted sum of 
the characteristics at all positions in the input data. Based on this, you can submit images 
and videos to the input.

The general formula looks like [9]:

𝛾𝛾𝛾𝛾𝑖𝑖𝑖𝑖 = 1
𝐶𝐶𝐶𝐶(𝑥𝑥𝑥𝑥)

𝐸𝐸𝐸𝐸∀𝑗𝑗𝑗𝑗𝑓𝑓𝑓𝑓�𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗 , 𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗�𝑔𝑔𝑔𝑔�𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗� (1) 

Here, 𝑖𝑖𝑖𝑖 is the index of the initial position (in space, time), the value of which needs to be 

calculated, and j is the index that lists all possible positions. x is the input signal (image, sequence, 

video) and y is the output signal of the same size as x. The pairwise function f computes a scalar 

(representing a relationship, such as relatedness) between i and all j. The unary function g 

computes the representation of the input signal at position j. The response is normalized by the 

coefficient C(x). 

Non-local operation is a flexible building block and can easily be used together with 

convolutional/recursive layers. It can be added to the initial part of deep neural networks, unlike 

the fully connected layers that are often used at the end. Such flexibility allows building a more 

diverse hierarchy that combines both non-local and local information. 

Based on this approach, [8] proposed the use of the Euclidean distance with a linearly 

embedded Gaussian kernel as a distance metric. Thus, the proposed non-local operation can be 

written as: 

𝑍𝑍𝑍𝑍𝑖𝑖𝑖𝑖 = 1
𝛿𝛿𝛿𝛿𝑖𝑖𝑖𝑖(Χ)

Σ𝑗𝑗𝑗𝑗 ∈  𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥�𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖𝑊𝑊𝑊𝑊𝜃𝜃𝜃𝜃𝑊𝑊𝑊𝑊𝜓𝜓𝜓𝜓
𝑇𝑇𝑇𝑇𝑋𝑋𝑋𝑋𝑗𝑗𝑗𝑗𝑇𝑇𝑇𝑇�𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖𝑊𝑊𝑊𝑊𝑔𝑔𝑔𝑔,∀𝑖𝑖𝑖𝑖 (2) 

 

The proposed non-local operation can be implemented by ordinary differential operations, 

and thus can be trained by adding to the neural network. 

Let's consider the methods of improving images based on neural networks for improving 

images based on the articles under study: 

1. Removal of color image noise using convolutional neural networks based on Non-Local 

Operation 

The basis is the objective function [7]: 

𝐸𝐸𝐸𝐸(𝑥𝑥𝑥𝑥) = 𝐷𝐷𝐷𝐷(𝑥𝑥𝑥𝑥,𝑦𝑦𝑦𝑦) + 𝜆𝜆𝜆𝜆𝜆𝜆𝜆𝜆(𝑋𝑋𝑋𝑋) (3) 
Based on the use of a neural network, the selection of parameters based on  

                                            (1)

Here, i is the index of the initial position (in space, time), the value of which needs 
to be calculated, and j is the index that lists all possible positions. x is the input signal 
(image, sequence, video) and y is the output signal of the same size as x. The pairwise 
function f computes a scalar (representing a relationship, such as relatedness) between i 
and all j. The unary function g computes the representation of the input signal at position j.  
The response is normalized by the coefficient C(x).

Non-local operation is a flexible building block and can easily be used together with 
convolutional/recursive layers. It can be added to the initial part of deep neural networks, 
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unlike the fully connected layers that are often used at the end. Such flexibility allows 
building a more diverse hierarchy that combines both non-local and local information.

Based on this approach, [8] proposed the use of the Euclidean distance with a lin-
early embedded Gaussian kernel as a distance metric. Thus, the proposed non-local 
operation can be written as:

𝛾𝛾𝛾𝛾𝑖𝑖𝑖𝑖 = 1
𝐶𝐶𝐶𝐶(𝑥𝑥𝑥𝑥)

𝐸𝐸𝐸𝐸∀𝑗𝑗𝑗𝑗𝑓𝑓𝑓𝑓�𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗 , 𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗�𝑔𝑔𝑔𝑔�𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗� (1) 

Here, 𝑖𝑖𝑖𝑖 is the index of the initial position (in space, time), the value of which needs to be 

calculated, and j is the index that lists all possible positions. x is the input signal (image, sequence, 

video) and y is the output signal of the same size as x. The pairwise function f computes a scalar 

(representing a relationship, such as relatedness) between i and all j. The unary function g 

computes the representation of the input signal at position j. The response is normalized by the 

coefficient C(x). 

Non-local operation is a flexible building block and can easily be used together with 

convolutional/recursive layers. It can be added to the initial part of deep neural networks, unlike 

the fully connected layers that are often used at the end. Such flexibility allows building a more 

diverse hierarchy that combines both non-local and local information. 

Based on this approach, [8] proposed the use of the Euclidean distance with a linearly 

embedded Gaussian kernel as a distance metric. Thus, the proposed non-local operation can be 

written as: 

𝑍𝑍𝑍𝑍𝑖𝑖𝑖𝑖 = 1
𝛿𝛿𝛿𝛿𝑖𝑖𝑖𝑖(Χ)

Σ𝑗𝑗𝑗𝑗 ∈  𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥�𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖𝑊𝑊𝑊𝑊𝜃𝜃𝜃𝜃𝑊𝑊𝑊𝑊𝜓𝜓𝜓𝜓
𝑇𝑇𝑇𝑇𝑋𝑋𝑋𝑋𝑗𝑗𝑗𝑗𝑇𝑇𝑇𝑇�𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖𝑊𝑊𝑊𝑊𝑔𝑔𝑔𝑔,∀𝑖𝑖𝑖𝑖 (2) 

 

The proposed non-local operation can be implemented by ordinary differential operations, 

and thus can be trained by adding to the neural network. 

Let's consider the methods of improving images based on neural networks for improving 

images based on the articles under study: 

1. Removal of color image noise using convolutional neural networks based on Non-Local 

Operation 

The basis is the objective function [7]: 

𝐸𝐸𝐸𝐸(𝑥𝑥𝑥𝑥) = 𝐷𝐷𝐷𝐷(𝑥𝑥𝑥𝑥,𝑦𝑦𝑦𝑦) + 𝜆𝜆𝜆𝜆𝜆𝜆𝜆𝜆(𝑋𝑋𝑋𝑋) (3) 
Based on the use of a neural network, the selection of parameters based on  

                            (2)

The proposed non-local operation can be implemented by ordinary differential oper-
ations, and thus can be trained by adding to the neural network.

Let's consider the methods of improving images based on neural networks for 
improving images based on the articles under study:

1. Removal of color image noise using convolutional neural networks based on 
Non-Local Operation

The basis is the objective function [7]:

𝛾𝛾𝛾𝛾𝑖𝑖𝑖𝑖 = 1
𝐶𝐶𝐶𝐶(𝑥𝑥𝑥𝑥)

𝐸𝐸𝐸𝐸∀𝑗𝑗𝑗𝑗𝑓𝑓𝑓𝑓�𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗 , 𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗�𝑔𝑔𝑔𝑔�𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗� (1) 

Here, 𝑖𝑖𝑖𝑖 is the index of the initial position (in space, time), the value of which needs to be 

calculated, and j is the index that lists all possible positions. x is the input signal (image, sequence, 

video) and y is the output signal of the same size as x. The pairwise function f computes a scalar 

(representing a relationship, such as relatedness) between i and all j. The unary function g 

computes the representation of the input signal at position j. The response is normalized by the 

coefficient C(x). 

Non-local operation is a flexible building block and can easily be used together with 

convolutional/recursive layers. It can be added to the initial part of deep neural networks, unlike 

the fully connected layers that are often used at the end. Such flexibility allows building a more 

diverse hierarchy that combines both non-local and local information. 

Based on this approach, [8] proposed the use of the Euclidean distance with a linearly 

embedded Gaussian kernel as a distance metric. Thus, the proposed non-local operation can be 

written as: 

𝑍𝑍𝑍𝑍𝑖𝑖𝑖𝑖 = 1
𝛿𝛿𝛿𝛿𝑖𝑖𝑖𝑖(Χ)

Σ𝑗𝑗𝑗𝑗 ∈  𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥�𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖𝑊𝑊𝑊𝑊𝜃𝜃𝜃𝜃𝑊𝑊𝑊𝑊𝜓𝜓𝜓𝜓
𝑇𝑇𝑇𝑇𝑋𝑋𝑋𝑋𝑗𝑗𝑗𝑗𝑇𝑇𝑇𝑇�𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖𝑊𝑊𝑊𝑊𝑔𝑔𝑔𝑔,∀𝑖𝑖𝑖𝑖 (2) 

 

The proposed non-local operation can be implemented by ordinary differential operations, 

and thus can be trained by adding to the neural network. 

Let's consider the methods of improving images based on neural networks for improving 

images based on the articles under study: 

1. Removal of color image noise using convolutional neural networks based on Non-Local 

Operation 

The basis is the objective function [7]: 

𝐸𝐸𝐸𝐸(𝑥𝑥𝑥𝑥) = 𝐷𝐷𝐷𝐷(𝑥𝑥𝑥𝑥,𝑦𝑦𝑦𝑦) + 𝜆𝜆𝜆𝜆𝜆𝜆𝜆𝜆(𝑋𝑋𝑋𝑋) (3) 
Based on the use of a neural network, the selection of parameters based on  

                                             (3)
Based on the use of a neural network, the selection of parameters based on the training  

dataset of images is implemented.

 
Fig. 1. Architecture of a separate stage of the proposed non-local convolutional network 

[7]

In [8], the block matching approach [10] using the Euclidean distance with a linearly 
embedded Gaussian kernel is used.

 
Fig. 2. Illustration of the non-local module [6]

Table 1 shows the comparative characteristics of recurrent, convolutional neural 
networks and multilayer perceptron according to the most important characteristics 
for the study.

Based on Table 2, it can be seen that convolutional and recurrent neural networks are 
able to cope well with the task of improving image quality. The advantage of recurrent 
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Table 1
Comparative table of neural networks

Recurrent  
neural chain

Convolutional 
neural network

Multilayer 
perceptron

Memory Memory usage 
for sequential data 
processing

There is no explicit 
memory of past 
inputs

There is no memory, 
each input is processed 
independently

Sharing settings Joint weighting 
coefficients by time 
steps

Common weighting 
factors in spatial 
dimensions

There is no weight 
distribution, each 
neuron has its own set 
of weights

Contextual 
information

Captures long-term 
dependencies and 
context

Limited field of 
perception and local 
context

Lack of explicit 
modeling of context or 
dependencies

Effectiveness 
of noise 
elimination

Captures global 
dependencies, 
processes complex 
noise patterns

Effectively reduces 
noise in local areas

Limited ability to 
process complex noise 
patterns

Table 2
Performance of different image enhancement methods  

based on the BSD68 image dataset, with different noise levels (15, 25 and 50)
Метод 15 25 50

BM3D 31.07 28.57 25.62
WNNM 31.37 28.83 25.87
EPLL 31.21 28.68 25.67
MLP - 28.96 26.03
CSF 31.24 28.74 -
TNRD 31.24 28.92 25.97
ECNDNet 31.71 29.22 26.23
RED - - 26.35
DnCNN 31.72 29.23 26.23
DDRN 31.68 29.18 26.21
PHGMS 31.86 - 26.36
MemNet - - 26.35
EEDN 31.58 28.97 26.03
NBCNN 31.57 29.11 26.16
NNC 31.49 28.88 25.25
ELDRN 32.11 29.68 26.76
PSN-K 31.70 29.27 26.32
DWDN 31.78 29.36 -
MWCNN 31.86 29.41 26.53
BM3D-Net 31.42 28.83 25.73
FFDNet 31.62 29.19 26.30
BRDNet 31.79 29.29 26.36
NN3D - - 26.42
NLRN 31.88 29.41 26.47
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networks over convolutional networks is the presence of data of previous calculations in 
memory. Due to this, greater efficiency is achieved in finding long-term dependencies, 
which greatly increases the quality of improving complex images.

Table 2 shows the results of various image enhancement methods with different  
levels of noise on one BSD68 dataset [11].

Table 2 highlights three methods with the best results, which include the NLRN 
approach under study. It demonstrates good performance because the specificity of 
recurrent neural networks in combination with non-local operations is well suited for 
image enhancement and has significant potential for improvement.

Conclusions. Thus, both convolutional networks and recurrent networks have their 
strengths and weaknesses in image processing and noise reduction tasks. Convolutional 
networks are very effective at detecting local features, which makes them more suitable 
for denoising small images. On the other hand, the recurrent network has the advantage 
of finding global dependencies due to its architectural features, which makes it suita-
ble for denoising tasks involving sequential data and complex noise patterns. Further 
research can be developed in the direction of improving the Non-Local Operation of the 
block in order to improve the results of image processing.
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