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Anomauin

L[n cmamms mac Ha memi NOPIGHAMU MA PO32NAHYMU HAUKPAWI 6apianmu GUKOPUCTANHS HAUHOBIWUX MemOo0is
Hao8ucoxoi po30inbHoi 30amuocmi 306padicensv. EDSR, Real-ESRGAN ma SwinlR. IlopisHsisHuil ananiz npogooumcsi
8i0nosiono 0o kpumepiie mempux PSNR / SSIM, a maxooic nepyenmugHoi akocmi.

Karwuosi caoBa: Super Resolution, 3ropTkoBa HEHpoOHHa Mepeka, TeHepaTWBHO-3MarajibHa Mepe)ka, CBiH-
Tpanchopmep.

Abstract

This paper aims to provide the comparison and the best use cases of the most recent image super-resolution

methods: EDSR, Real-ESRGAN, and SwinIR. A comparative analysis is carried out according to the criteria of PSNR /
SSIM metrics and also perceptual quality.
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Introduction

The goal of Super Resolution (SR) methods is to recover a high resolution image from one or more low
resolution input images. Many SR methods have been proposed in the computer vision community to
improve and achieve high-resolution images over the years. In the past few years, there has been a significant
advancement in image SR algorithms. This paper aims to provide the comparison and the best use cases of
the most recent image SR methods: EDSR, Real-ESRGAN, and SwinlIR.

Main methods

Enhanced Deep Residual Network (EDSR) is a convolutional neural network (CNN) with 32 layers and
256 feature maps designed to maximize pixel-wise reconstruction fidelity in single-image SR [1]. It builds
upon deep residual learning by removing batch normalization layers from residual blocks, or ResBlocks
(Figure 1). Batch normalization layers normalize the features, getting rid of range flexibility from networks.
Their removal increases the performance and reduces GPU memory usage. EDSR is optimized using mean
squared error (MSE) loss, which directly correlates with traditional full-reference quality metrics such as
peak signal-to-noise ratio (PSNR) and Structural Similarity Index Measure (SSIM).
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Figure 1 — The architecture of EDSR



Real-ESRGAN is an extention of Enhanced Super-Resolution Generative Adversarial Network
(ESRGAN) to address real-world image restoration, where degradations such as noise, blur, compression
artifacts, and unknown downsampling kernels are present [2-3]. Instead of training solely on synthetic
bicubic downsampling, Real-ESRGAN uses a complex degradation pipeline to simulate realistic image
corruption. In generative adversarial networks, two models are trained simultaneously: a generator that
generates high-resolution images, and a discriminator that estimates the probability that the training data
image comes from something other than the result of the generator’s work (Figure 2). Unlike PSNR-oriented
methods, Real-ESRGAN prioritizes perceptual quality and robustness over pixel-level accuracy, often
producing sharper and more natural-looking images at the cost of numerical fidelity.

SwinlR is a hybrid architecture consisting of three modules: shallow feature extraction (CNN), deep
feature extraction (swin transformer), and high quality image reconstruction (CNN) (Figure 3) [4]. It uses
shifted window self-attention to model long-range spatial dependencies. The standard multi-head self
attention (MSA) module in a classic transformer block is replaced by a module based on shifted windows.
For efficient modeling, selfOattention is computed within local windows. The windows are arranged to
evenly partition the image in a non-overlapping manner. The window grid is being shirted, so patches that
were in different windows before end up in the same window after shifting. Over multiple layers information
propagates across the entire image without ever doing global attention, that way reducing memory usage [5].
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Figure 2 — The architecture of Generator and Discriminator Network with corresponding kernel size (k), number of feature maps (n)
and stride (s) indicated for each convolutional layer

-

Deep Feature Extraction

Shallow Feature
Extraction

HQ Image
Reconstruction

RSTB
|
RSTB

g g
222222 H 2w Z
» 2] » 2] 2] 2 (&) 2
&

(a) Residual Swin Transformer Block (RSTB) (b) Swin Transformer Layer (STL)

Figure 3 — The architecture of SwinIR

Comparison results

EDSR consistently achieves very high PSNR scores on standard synthetic benchmarks like Set5, Set14,
Urban100, making it a widely adopted baseline in SR research (Table 1). However, its reliance on pixel-wise
loss often leads to overly smooth textures and limited perceptual realism.



As a result of global context modeling, SwinIR often outperforms CNN-based models such as EDSR
while also producing sharper and more coherent textures. It represents a modern compromise between
reconstruction fidelity and perceptual quality, albeit at Heavier compute cost.

Unlike PSNR-oriented methods, Real-ESRGAN prioritizes perceptual quality and robustness over pixel-
level accuracy, often producing sharper and more natural-looking images at the cost of numerical fidelity.
This makes it especially suitable for photo restoration and practical upscaling tasks. Since real degraded
images often lack a well-defined ground truth, numerical fidelity metrics become unreliable, and perceptual
measures such as qualitative evaluations are preferred.

Table 1 — Quantitative comparison (average PSNR/SSIM) of EDSR and SwinIR on benchmark datasets

Dataset Scale EDSR SwinlR

x2 38.11/0.9601 38.42/0.9623

Set5 x3 34.65/0.9282 34.97/0.9318
x4 32.46/0.8968 32.92/0.9044

x2 33.92/0.9195 34.46/0.9250

Setl4 x3 30.52/0.8462 30.93/0.8534
x4 28.80/0.7876 29.09/0.7950

x2 32.93/0.9351 33.81/0.9427

Urban100 x3 28.80/0.8653 29.75/0.8826
x4 26.64/0.8033 27.45/0.8254

Conclusions

CNN models like EDSR are simple in architecture and fast in inference. Zbut an attempt to restore every
lost pixel can produce too smooth textures and lack of perceptual sharpness.

Generative adversarial network such al Real-ESRGAN can produce Visually realistic textures and are
robust to noise and blur but they can also hallucinate little details. This make them more fiiting for the task of
old or degraded images upscaling.

Swin Transformers like SwinIR bring a strong balance between PSNR and perceptual quality to the table
by capturing global context. But it comes at the cost of heavier compute cost and, consequentially, slower
performance. They are fitting for high-quality SR tasks where compute resources are available.
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