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Abstract:  

In fact image super-resolution (SR) is an important part of image processing, especially in   computer 

vision. The main purpose of SR is to increase the   resolution of the image, making it more interesting 

and visually appealing. This technique is especially important in many applications such as medicine, 

surveillance, satellite imaging, and in improving the quality of low-quality images. Yes, your summary 

captures the essence of the development in the field of super resolution. Traditional super-resolution 

techniques face problems in capturing the non-linear relationship between low-resolution and high-

resolution images. Hand-crafted features and mathematical concepts often have difficulty adapting 

across different graphs. Of course, extensive research on recent advances in single image   super-

resolution ( SISR) using deep learning and legacy techniques can provide a better understanding of the 

older technological shift in this field.  this is true! It is useful to generate detailed knowledge of recent 

advances in single image super-resolution ( SISR) through deep learning, while also providing insight 

into legacy models – Includes classical methods, observation-based learning, and unsupervised 

methods. Learning-based approaches and specialized SR techniques provide methods for 

understanding   super-resolution (SR) landscape images. It is important to clarify, provide context, and 

identify a super-resolution (SR) issue. Research phase. It is important to have details about the 

evaluation process and the use of interactive techniques to improve image quality and resolution. Write 

your survey in super resolution (SR), add perspective, for future directions, trends and open issues. 
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Introduction: [19] Super-resolution images are a challenging and frequently researched area in 

computer vision, and advances in deep learning continue to improve the performance and performance 

of super-resolution models. Knows various applications of SR technology in specific fields. Highlight 

the key issues and process challenges needed to get the best picture of the solution. By introducing 

a super transformation solution based on deep learning and the role of machine interpolation, the class 

of subtraction methods and vector methods SVMS support vector machine and ANN artificial neural 

networks are used to learn relationships in image data. Discuss the role of image quality in achieving 

accurate vehicle identification, driver's license recognition, and overall performance in vehicle 

maintenance. Highlighting the challenges associated with low resolution in vehicle inspection and 

other applications where obtaining high-quality, detailed images is important. The basic idea is to 

recover good details and patterns that are missing or lost in bad images. Super resolution technology 

aims to recreate a higher resolution image that is closer to the original high resolution image. [19]These 

methods can be divided into two: classical methods and deep learning-based methods. While classical 

methods often involve interference and optimization, deep learning, especially convolution neural 

networks (CNN), has made great progress in super image processing – problem solving in recent years. 

Two main methods of developing super-resolution images are described: 1-image super-resolution 

( SISR) and multi-image super-resolution ( MISR). Understanding super-resolution images provides 

insight into how combining data from image sequences can improve the resolution of the final output. 
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This section details the advantages of Multi-Image Super Resolution ( MISR) when dealing with 

camera and scene movement in sequential images. In summary, the main advantage of MISR is the 

ability to achieve high results within the limitations of existing low-resolution solutions. This makes 

it a useful and effective solution in many applications, providing greater value and performance 

without the need for major changes. 

 
Fig: 1The PPI (Pixels Per Inch) Model 

[4]High pixel density images, advanced medical treatment for diagnosis, language translation on TV, 

etc. It is best in many applications such as. Successful resolution of the technology is limited due to 

various theoretical and practical limitations. For this reason, software solutions that will improve the 

technology are highly preferred for these applications. Simple interpolation methods fail due 

to aliasing effects. [4]Therefore, super-resolution images are a solution to overcome the physical 

limitations of hardware capabilities. Super resolution is important to meet the need for higher 

resolution in most applications, and improving existing super resolution is also important. There is 

also little work on image fusion and combining discrete displays at super-resolution. A new technique 

that uses different representations for a super-resolution image is also expected to provide the best 

results. This therefore supports the development of super-resolution algorithms that convert low-

resolution to high-resolution images to ensure that the image is the best possible. [28]Many 

applications such as medical  diagnosis, video conferencing and broadcasting demand high-resolution 

images for analysis, communication and  

visual experience. However, the successful resolution of imaging technology has been limited due 

to theoretical and practical limitations. This limitation requires research and development of software-

based solutions to improve the process to meet the increasing demand for high-quality images. 

Although simple interpolation methods are frequently used, their performance is affected by the 

aliasing effect, causing image quality to decrease. [4]Image super-resolution emerged as a solution to 

overcome the limitations of hardware capabilities, providing a way to improve resolution beyond the 

resources of the photographic equipment community. 

 
Fig: 2The architecture designed to address multiple aspects of the super-resolution task. 

 Existing literature reveals gaps in  image fusion and fusion of disparity representations in super-

resolution techniques. [4]Image fusion (combining information from different sources) and disparity 

representation (a process that highlights differences between data) may be more effective solutions. 

There is a distinct lack of research and review on the use of these techniques to improve existing 

problem-solving technologies. There is[16] therefore an urgent need to develop high-resolution 

systems that not only meet the current demand for high resolution but also provide image fusion and 

different displays to overcome the limitations of traditional methods. The combination of these new 

technologies is expected to produce the best results in terms of image quality and integrity, ensuring 

that the highest resolution images meet maximum standards for many applications.[16] The main 
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purpose of this research is to improve the existing problem solving method by introducing and 

correcting image fusion and methods with different representations. [16] The ultimate goal is to create 

the best solutions that can provide quality, visual fidelity and effective detection for high-resolution 

images for displays in various applications. It's worth noting that while image inversion can help adapt 

real-world images for detection algorithms, it's also important to consider the specific requirements 

and constraints of the detection task, as well as the characteristics of the input images. Additionally, 

some detection algorithms may be robust enough to handle variations in text color and background, 

potentially mitigating the need for preprocessing in certain cases. 

. 1. When making images work, learn [18] how to use negative images and techniques to improve them 

and determine if the process helps produce better results with less discrimination.  

2. Use interpolation-based techniques [3] to improve the resolution of down sampled versions of the 

library.  

3. Use deep learning models and optimization  to improve recognition.  

4. Apply interpolation, [26]such as bilge linear or bicubic interpolation, to improve the resolution of 

graphics.  

5. [3]The results will be displayed using all feature extractors and separators will be used for relevant 

features. It is hoped that reconstructing the image at a higher resolution will improve recognition. 

 6. Analyze and compare  recognition results obtained by different feature extractors and classifiers. 

 
Fig:3 Deep learning in pediatric neuro imaging 

Method : 

[15] The DIV2K file is divided into the following sections: 

 Information: Starting from 800 high resolution images we get the same image and add 2, 3, 4 etc. We 

give a good reduction result like Low resolution images Coupon: 100 high resolution images and high 

resolution images  used to create low resolution images. 

 Online feedback from certified servers; High Definition Video The video will be published at the 

beginning of the final stage of the competition.  

Test the data: Use 100 different images to create  low-resolution images; Low resolution images will 

be given to the contestants at the beginning of the final evaluation period, and the results will be 

announced after the competition ends and the winner is determined. . 

ShushikAvagyan et.al. (2023): [10]This paper addresses the problem of generating high-resolution 

hyper spectral images from a low-resolution raw RGB image (hallucinatory). In order to solve this 

problem, a general introduction to education is required. It has two modules: data adaptation module 

and background deep feature extraction module. The data manipulation module is a shallow module 

that includes pixel blending/ un- mixing and shallow feature extraction. Deep feature extraction 

modules are an important part of many spectral reconstruction networks aiming for spectral super-

resolution. Different spectral reconstruction networks were examined as basic modules in the 

conceptual framework. Results from extensive testing show that the proposed solution out performs 

the sequencer combining state-of-the-art image removal, noise removal, spatial and spectral super-

resolution method (up to 6 dB PSNR) and compares with the sequential solution. The method can 

reduce the complexity of the calculation (more than 5 times). 

Ran Ran et.al. (2023): [2]Hyper spectral image super resolution ( HISR) combines low-resolution 

hyper spectral image ( LR-HSI) and high-resolution multispectral image (HR-MSI) to create a high-

resolution hyper spectral image ( HR-HSI). Recently, the widespread use of convolution neural 

network (CNN)-based learning for HISR poses difficulties. However, existing CNN-based methods 

often require a large number of network connections, resulting in excessive interference and thus 

limiting their generalization ability. In this paper, we considered all the features of HISR and proposed 

https://ieeexplore.ieee.org/author/37090046442
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a CNN fusion framework with advanced guidance, called Guided Net. The framework has two 

branches: 

 1) The solution guidance branch (HGB), which parses high-resolution guidance images over several 

hours. 

2) Reconstruction branch (FRB) feature, which uses lower resolution images and data from the HGB 

range. scale high-resolution orientation images are used to reconstruct high-resolution fusion 

images. Guided Net can predict the best resolution in addition to the HSI model to optimize and store 

spectral data.  

3)The proposed system is used to implement the iteration and upgrade strategy, which can improve 

performance by reducing network failure and even improve the security of the network by monitoring 

many media outputs. Additionally, 

4)This scheme can also be used for other advanced solutions such as remote sensing panchromatic 

sharpening and super resolution imaging ( SISR). Various experiments on simulated data and real data 

show that the proposed method is effective for many applications (e.g., HISR, pan-sharpening, 

and SISR). Finally, the reader is presented with more comprehensive considerations such as ablation 

studies and networking, lower cost, and less inconsistency. 

SijinRen et.al. (2021): [11] Positron   tomography (PET) is a non-invasive and reproducible   medical 

device. However, due to its use in imaging, the resolution of PET imaging   is poor compared to other 

medical imaging methods. PET image quality and   accuracy deteriorates due to its low resolution. In 

this study, we present a PET image super-resolution (SR) method based on  deep learning. The network 

examined images from  high-resolution research tomography (HRRT) scanners and their blank 

resolution (LR) scanners, which match the resolution of clinical mCT scanners. Data augmentation 

methods are also used to improve the generality of the data. After   training, the model is recognized 

using undetected LR HRRT images. The interactive scheme is also used to improve the resolution of  

brain images routinely obtained by mCT scanners. The results show that the proposed method can 

improve PET image resolution and overall quality. 

ImanMarivani et.al. (2020): [12]Common image super-resolution (SR) refers to the reconstruction 

of high-resolution images from a low-resolution version with the help of a high-resolution image from 

another modality. Inspired by the recent success of convolution neural networks in an image SR, we 

propose a novel multi-modal recurrent convolution neural network for connection-first convolution  

image SR. Our network uses a multimodal convolution sparse coding network to combine the 

representations of two image modalities in the input layer. Another innovation is to learn more about 

the communication between strategic change and the need for high resolution. For near-infrared image 

SR and multispectral image SR tasks, we use the combined scheme using RGB images as the routing 

method. Experimental results show that the proposed multimodal recurrent convolution network has 

better performance than state-of-the-art single-mode and multi-modal image SR methods. 

Yubing Li et.al. (2020): [1] Common image super-resolution (SR) refers to the reconstruction of high-

resolution images from a  low-resolution version with the help of a high-resolution image from another 

modality. Inspired by the recent success of convolution neural networks in an image SR, we propose 

a novel multi-modal recurrent convolution neural network   for connection-first convolution  image 

SR. Our network uses a  multimodal convolution sparse coding network to combine the representations 

of two image modalities in the input layer. Another innovation is to learn more about the 

communication between strategic change and the need for high resolution. For near-infrared image SR 

and multispectral image SR tasks, we use the combined scheme using RGB images as the routing 

method. Experimental results show that the proposed multimodal recurrent convolution network has 

better performance than state-of-the-art single-mode and multi-modal image SR methods. 

MunkhjargalGochoo et.al. (2020): [9]Indoor body awareness, movement, activities of daily 

living, falls, behavioral abnormalities, etc. It is important to monitor/evaluate. However, methods 

based on high-resolution images have high accuracy, are considered relevant, and most of the existing 

image classifiers (VGG, ImageNet, ResNext) are not suitable for ultra-low resolution (<32 pixel size) 

as they reduce the extraction design. image classification Therefore, we propose a low-level model to 

classify privacy-privacy 16x16 generated image using storage model, ReLU slope difference and loss 

function. LowNet outperforms existing models ( LeNet, ResNet1, ResNet-2) based on our Ultra Low 
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Resolution Thermal Exposure Imaging (UTPI38) dataset with 38 groups, achieving 98.94% accuracy 

and 79.86% F1 score (4374 samples) It was collected by 23 volunteers. We discuss additional 

experimental results of loss regularization and changing the  ReLU slope, which results in an 8.2% 

improvement. Thus, we conclude that LowNet is effective in many ultra-low resolution thermal pose 

image classification tasks. 

Jose Jaena Mari Ople et.al. (2020): [5]Recently, single-image super-resolution ( SISR) deep learning 

can produce high-resolution images for super-resolution (SR) images. However, they often create false 

information or even the impression of a fake product. An alternative to SISR is reference-based SR 

( RefSR), which uses the high-resolution (HR) image (Ref) to provide missing HR content from low-

resolution (LR) images. We propose a new framework that uses existing SISR methods and enhances 

them with RefSR. More specifically, we use neural tissue transformation to adjust the output of 

the SISR method, where HR features are interrogated with reference images. The query is performed 

by calculating the similarity of texture and semantic features between the input image and the reference 

image. Often HR features ( blockiness) similar to LR images are used to enhance SR images through 

mesh enhancement. If the ref image is not the same as the LR input image, we prevent performance 

degradation by adding similar scores to the input of the network. We also use random texture patches 

during training to make our augmented network not dependent on the texture of the query. Unlike 

previous RefSR methods, our method can use random Ref images and its lower performance is based 

on SR images. We show that our method improves the performance of simple SISR methods. 

ShouchangGuo et.al. (2020): [8]Goals of fMRI acquisition include high resolution and temporal and 

signal-to-noise ratio (SNR). Oscillatory steady-state imaging ( OSSI) is a new fMRI acquisition 

method that combines large oscillatory signals with the potential for high signal-to-noise ratio, but 

does so at the expense of spatial and physical resolution. The unique oscillatory pattern of OSSI images 

makes them ideal for advanced modelling. We propose a low-order tensor model to exploit the 

local spatiotemporal low-order nature of OSSI images. We also develop a non-uniform sampling 

method that improves the non-uniform nature of OSSI. Using an algorithm based on adaptive coupling 

mode ( ADMM), we will improve the OSSI spatial and physical resolution in the experimental sample 

by 12 times the received acceleration and 1.3 mm isotropic spatial resolution. The proposed model 

provides a higher signal-to-noise ratio in terms of time and efficiency than other low-cost methods. 

Compared with standard gradient echo (GRE) images with the same spatiotemporal resolution, the 

3D OSSI tensor model structure achieved a 2-fold improvement in physical SNR and a 2-fold 

improvement in rendering performance. 

Jialiang Jiang et.al. (2022):  [1]At the same spatial resolution, magnetic resonance imaging (MR) 

images from low-field scanners have a worse signal-to-noise ratio (SNR) than magnetic resonance 

imaging (MR) images from high-field scanners. To achieve treatment SNR, radiologists operate low-

power scanners using smaller devices than high-power scanners. Therefore, the current state of image 

quality indicates that further research is needed to improve image quality in low-quality systems. Ideas 

based on super-resolution (SR) technology may be an alternative to image reconstruction. However, 

the predetermined decay process embedded in these techniques (e.g., bicubic subsampling) appears to 

result in effective decay when the actual decay differs from the predefined values. In this study, we 

addressed this question by collecting specific data from the analysis of 70 participants. The anatomical 

location of the image scans for 0.35T and 3T data is the same. Low resolution (LR) images (0.35T) 

and high resolution (HR) images (3T) are the image pairs used for training data. Here, we introduce a 

novel CNN-based interactive neural network (Hybrid Attention ResNet, HARN) that can adapt 

different information and reconstruct super-resolution 0.35T MR images (3T-like MR image). In 

particular, different density applications compete with different colors and color blocks to achieve 

greater richness from LR images. Experimental results show that our proposed residual function can 

recover important information while providing high signal-to-noise ratio (PSNR) and similar patterns 

(SSIM). Additionally, comprehensive summary of expected outcomes ( SMOS) has proven useful in 

the clinical use of HARN. 

Yuhang Jiang et.al. (2020): [14]This paper presents a new multi-view super-resolution algorithm 

with small data. Our solution to the problem of low spatial resolution and poor visibility 

of reconstructed images when the number of low-resolution images input is small. To improve the 
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quality of the initial estimate, we generate the initial estimate from several frames of negative images 

based on the labels and reflect the missing pixels with a directional Gaussian-like filter. To solve the 

blind guessing problem, an improved method is used that first displays the content of the image. 

Numerous qualitative and quantitative tests show that our method has strong reconstruction 

performance for images of different resolutions with different data types. 

XinyiZhong et.al. (2021): [6]This article describes high-resolution (SR) reconstruction of dual-energy 

computed tomography (DECT) images. The SR reconstruction process is based on disparity theory 

and dictionary learning of low-resolution and high-resolution image block pairs to improve the 

problem of low-dose dual-energy CT images obtained in clinical application. The proposed scheme is 

based on the idea of non-monotonic representation, meaning that  image patches can be well 

represented by non-monotonic elements from the finished notation. We  jointly examined two pairs of 

dictionaries containing high-energy spectrum CT images and low-energy spectrum CT images; each 

pair contained dictionaries of low-resolution and high-resolution image blocks. Low-resolution dual-

energy CT images can be represented by the low-resolution dictionary learned from the high-energy 

CT image and the difference coefficients equated with the dictionary learned from the non-invasive 

CT images. Extract multiple contrasts from high-resolution dictionaries to reconstruct  high-resolution 

CT images. With the appropriate amount of reconstruction work, high-resolution image reconstruction 

can result in better image quality and clearer vision. Experiments showed that the  signal-to-noise ratio 

and similarity of dual-energy CT images reconstructed from different models were improved, and the 

image contents and textures were clearer. 

Zhe Liu et.al.(2022): [7]Hyper spectral (HS) imaging reduces spatial resolution to provide high 

spectral resolution in capturing  detailed spectral features of each  location in the scene. To compensate 

for this shortcoming, mix the HS image (LR-HS)  with the high RGB image (HR-RGB)  to obtain the 

attractive high resolution HS (HR-HS) image. Recently, all deep learning-based supervised fusion 

methods  have been shown to be successful in hyper spectral image super-resolution (HSI-SR) tasks. 

However, this method requires collecting a large number of training samples and creating non-blind 

samples to analyze the resolution captured in the control image. This work presents a novel 

unsupervised generative network (UGN) for network learning  using only LR-HS, HR-RGB 

observation without ground truth and without creating spatial and spectral distortion. end-to-end blind 

HSI SR frame. We conduct experiments on two HS image detectors to verify the effectiveness of our 

proposed method and demonstrate better performance compared to supervised and unsupervised eyes. 

blind/non-blind So TA. method 

Shaohui Mei et al. (2020); [1] Many applications, such as mineralogy and research, benefit from large 

images and spectral resolution. However, such images are difficult to obtain due to limitations in sensor 

technology. Recently, super-resolution (SR) technology has been proposed to improve the spatial or 

spectral resolution of images, for example, improving the  resolution of hyperspectral images (HSI) or 

improving the resolution of color images (reproducing HSI from RGB input). . However, no research 

has been conducted to improve both spatial and spectral resolution simultaneously. In this paper, 

convolutional neural networks (CNN) were used to jointly improve two types of problem solving. In 

particular, two types of CNN-based SR have been implemented, including combined spatial-spectral 

joint SR (Sim SSJSR), which performs SR in spectral and spatial domains simultaneously, and separate 

spatial-spectral joint SR (SepSSJSR), which acts as a spectral and spatial domain. decision. In the Sim 

SSJSR application, a complete 3D CNN is designed to learn  end-to-end mapping of low-resolution 

multi-resolution images (LR-MSI) and the corresponding high spatial resolution HSI (HR-HSI). In the 

Sep SSJSR concept, since the spatial SR network and the spectral SR network are designed separately,  

two different frameworks are proposed for Sep SSJSR, namely SepSSJSR1 and SepSSJSR2, according 

to the application order of spatial SR and spectral SR. Moreover, the minimum difference is selected 

based on the loss of the proposed network instead of the mean square error (MSE) in traditional SR  

networks. The results of simulated images from different sensors show that the proposed SepSSJSR1 

is the best in improving the spatial and spectral resolution of MSI by performing spatial SR before 

spectral SR. In addition, analysis of real Land sat images also shows that the proposed SSJSR 

technology can  use all available MSI to solve analysis or application-based problems. 
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P Rajeshwari et.al. (2021): Image super-resolution is the process of converting low-resolution images 

into high-resolution images with better visibility and enhanced detail. It is one of the most popular 

techniques in image processing and computer vision. Super-resolution is widely used in global 

applications such as medical imaging, clinical applications, and reconstruction of high-quality remote 

sensing images. In recent years, super problem solving using deep learning techniques has increased 

accuracy. In this paper, four deep learning models were used to generate high-resolution images of 

chest CT scans, and deep learning network models (e.g., degree convolution neural network) 

( SRCNN), enhanced depth super-resolution ( EDSR), deep super-resolution (VDSR), 

and deep recurrent convolution network (DRCN). Research methodology. 

 

Conclusion:  

In this study, a successful test of different image recognition models will be carried out when facial 

images are negative.[3] After extracting the image vectors from the target image, special products such 

as SIFT, SURF, [3]Local Binary Model (LBP), and Block-Based Discrete Cosine Transform (BBDCT) 

discussed in Chapter 3 are used. For comparison purposes, the same classifier is used in the same 

database for each feature extraction method. Deep learning techniques will be used for image 

detection. [3]When the resolution of the input image is low, interpolation is used as the first step to 

improve image quality for a better experience. [3]Three interpolation methods will be used: nearest 

neighbor interpolation, bilge linear interpolation and bicubic interpolation. [3]The purpose of these 

tests is primarily to compare the recognition status of all video removal methods when the image 

resolution is reduced.   The second goal is to use the interactive method to reconstruct high-resolution 

images from low-resolution images to get a better experience. 

 Image database: A database consisting of low resolution images is prepared. Images are cropped and 

optimized for further processing.  

Interpolation technology: [3]Choose nearest neighbor, bilinear and bicubic interpolation 

technologies as the first step in improving image quality and resolution.  

Feature Extraction: Four options for feature extraction: SIFT (Scale Invariant Feature Transform), 

SURF (Accelerated Robust Features), Local Binary Model (LBP) and Block Based Discrete Cosine 

Transform (BBCT). This method is used to extract vectors from face images without resolution. 

 Feature vector classification: The [22]extracted feature vectors are sent to the classifier. Two 

classifiers are used to classify the data: [3]Support Vector Machine (SVM) and Artificial Neural 

Network (ANN). 

 Testing recognition rate: Recognition rate is a measure of the body's ability to recognize certain 

facial images. The goal is to compare the recognition of all video extraction methods based on reduced 

image resolution. 

 Experiment 1: The first experiment evaluates the effectiveness of each extraction method in terms 

of problem solving. Acceptance rates of different solutions were calculated to evaluate the 

effectiveness of each method. 

 Experiment 2: The second experiment focuses on the use of interactive techniques to reconstruct 

high-resolution images from low-resolution images.[20] The goal is to increase cognitive performance 

by improving image resolution.  

MATLAB Study: Recognition of the negative images described in the study was done using 

MATLAB. MATLAB was chosen for its rich tools and functions that facilitate image processing and 

machine learning. Super resolution is the process of creating high resolution images from low 

resolution images. This example involves a super-resolution image ( SISR), where the goal is to 

recover a high-resolution image from a low-resolution image. SISR is difficult because high-resolution 

images often cannot be recovered from low-resolution images. Without frequency data, the quality 

of image resolution will be limited. Also, SISR is a bad problem because a low resolution image can 

produce many high resolution images. 

 

RESULT:  

In the research conducted in this article, [3]the problem of identifying people from low-resolution 

images was examined. The images are not detailed enough  to be recognized through various 
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identification procedures, such as those used by law enforcement  to monitor security cameras. The 

first part of this research shows how image quality affects how well the recognition process works. 

Low-resolution images are used to measure and compare how well different versions of each 

recognition function work. In this study, deep learning was used as a group. Image quality directly 

affects how quickly these machines can see patterns. In this study, nearest neighbor interpolation, 

bilinear interpolation and bicubic interpolation  are also used  as planning steps. This is done to improve 

the quality of the original image and ultimately lead to better results. 

 1. [3]Interpolation technology is used as a preliminary step to improve the recognition  of these 

images. 

 2. This research involves seeing negative images within negative images. 

 3. Several experiments [3]have been planned to compare the results of subtraction methods for low-

resolution image visualization. Changes in solutions for these systems will be examined 

. 4. Increase accuracy and validate the value of the planning process. 
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