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Abstract. In this work, we investigate the understudied effect of the
training data used for image super-resolution (SR). Most commonly,
novel SR methods are developed and benchmarked on common train-
ing datasets such as DIV2K and DF2K. However, we investigate and
rethink the training data from the perspectives of diversity and quality,
thereby addressing the question of “How important is SR training for
SR models?”. To this end, we propose an automated image evaluation
pipeline. With this, we stratify existing high-resolution image datasets
and larger-scale image datasets such as ImageNet and PASS to com-
pare their performances. We find that datasets with (i) low compression
artifacts, (ii) high within-image diversity as judged by the number of
different objects, and (iii) a large number of images from ImageNet or
PASS all positively affect SR performance. We hope that the proposed
simple-yet-effective dataset curation pipeline will inform the construc-
tion of SR datasets in the future and yield overall better models. Code
is available at: https://github.com/gohtanii/DiverSeg-dataset

Keywords: Super-resolution dataset - Image compression - Image di-
versity

1 Introduction

Image super-resolution (SR) aims to reconstruct high-resolution images from
low-resolution images. It has been considered as one of the most fundamental
tasks in the field of computer vision, with applications ranging from autonomous
driving to medical imaging. Deep learning methods have led to significant ad-
vances in SR over the last decade, focusing primarily on improvements in the
neural network architectures. Early SR models rely on convolutional neural net-
works (CNNs) [9,10,12,14,20,26,28,29,35-37]. Recent innovations have given rise
to transformer-based SR models [5,6, 16,19, 33,34, 42|, which have consistently
improved the performances.
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Fig. 1: We propose an automated image evaluation pipeline to curate a dataset for
training SR models. The obtained dataset, namely DiverSeg, consists of low-resolution
but high-quality images with many object regions. SR models trained on DiverSeg
outperform those trained on high-resolution image datasets such as DF2K and LSDIR.

With the improvement of neural network architectures, the importance of
training datasets has also increased, as discussed in [17]. Examples of high-
resolution datasets include DIV2K [1] and Flickr2K [27]. The combined dataset
of these two, referred to as DF2K, is often utilized for training SR models. Most
recently, LSDIR [17] has been proposed, which consists of 84,991 high-resolution
images. It has been confirmed that training on large high-resolution datasets
contributes significantly to performance improvement [18,19,29,38,42]

The conventional approach to constructing datasets relies on a manual evalu-
ation step, where the following two perspectives are most commonly considered:

1. Resolution and quality [17, 31]. This perspective focuses on the pixel
density of images. Images that do not meet the specified resolution threshold
are excluded. Typically, HD, 2K, and 4K images are used to create a dataset.
After the initial automatic filtering based on image size, the details of each
image are manually evaluated to identify and exclude compressed images.

2. Variety and diversity [15]. This includes diversity in subjects (e.g., peo-
ple, landscapes, urban scenes), lighting conditions, colors, textures, and other
photographic elements. A diverse dataset is said to help train a model that
is robust and performs well across a wide range of domains.

Datasets constructed from these perspectives have been shown to significantly
improve the performance of SR models. However, they also pose challenges in
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scaling the datasets, as collecting uncompressed high-resolution images is diffi-
cult and costly.

To address this limitation, this paper rethinks these perspectives and pro-
poses Diverse Segmentation dataset (DiverSeg) , a low-resolution® yet effective
image dataset for training SR models. As shown in Figure 1, the dataset is
constructed by applying filtering to a large set of low-resolution images, such
as ImageNet-1k [8] and PASS [2]. In experiments, we demonstrate that models
trained on DiverSeg outperform those trained on high-resolution image datasets
such as DF2K and LSDIR. Based on this finding, our contributions are summa-
rized as follows.

1) Rethinking the resolution perspective. High-resolution images have
been considered to be necessary for training SR models. In this work, we chal-
lenge this traditional perspective and show that SR models can be trained with-
out high-resolution images. Specifically, we introduce a method to estimate im-
age quality based on the kernel density estimation over blockiness values [4] that
estimates the quantity distribution of blocking artifacts. We demonstrate that
low-resolution images with high quality, indicated by reduced artifacts, can im-
prove the performance of SR models. We also thoroughly analyze the impact of
image quality on SR performance.

2) Rethinking the diversity perspective. When constructing datasets for
training SR models, images containing only a small number of objects are often
implicitly excluded during the manual resolution evaluation process. This is be-
cause evaluators typically focus on the details of objects or small objects in the
images. Therefore, we explicitly calculate the number of objects in images and
analyze how this number affects SR performance. In our experiments, we show
that constructing datasets with images containing many objects improves the
performance of SR models.

3) Dataset construction. To facilitate analysis from the above two perspec-
tives, we introduce a framework that automatically creates a dataset from a set
of low-resolution images collected from the web. Specifically, the framework con-
sists of two steps, source selection and object-based filtering, which correspond
to the first and second perspectives, respectively. Our framework eliminates the
need for manual assessment, facilitating dataset scaling. In the first step, given
several low-resolution image datasets, we estimate the image quality of them
through their blockiness distributions and select datasets with quality larger
than 90%. In the second step, we filter out images with a small number of object
regions by using object detection and image segmentation models. The filtered
dataset, which we refer to as the DiverSeg dataset, is utilized for training various
SR models in our experiments. We apply our framework to a union set of Ima-
geNet, Places365, and PASS to construct the DiverSeg dataset. We demonstrate
that SR models trained on DiverSeg archive state-of-the-art performance.

! We define images with a resolution lower than HD as low-resolution images.
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2 Related Work

2.1 Image super-resolution models

A number of SR models have been proposed that take advantage of deep learning
techniques. These models can be divided into two groups, CNN-based models [9,
10,12,14,20,26,28,29,35 37] and Transformer-based models [5,6,16,19,33,34,42].
Each group exploits di erent architectural strengths to enhance low-resolution
images to high resolution.

CNN-based models. SRCNN [9] was the rst model that integrates a deep
convolutional architecture for SR. Subsequently, FSRCNN [10] signi cantly im-
proved computational e ciency by performing convolutional processing in low
resolution space and upsampling in the last layer. Furthermore, ESPCN [26]
adopted an e cient upsampling method, sub-pixel convolution, to enhance per-
formance while reducing computational costs. These methods established the
basic structure of modern SR networks and laid the foundation for subsequent
research developments. Later studies introduced various modules such as resid-
ual connections [12, 14, 20, 29], dense blocks [28, 29, 37], and attention mech-
anisms [7, 35, 36]. EDSR [20] eliminated batch normalization layers and intro-
duced residual scaling to enable stable training of large models. MSRResNet [29]
replaced the basic ResNet blocks with residual dense blocks to improve the bal-
ance between performance and computational e ciency. RCAN [36] incorporated
channel attention mechanisms to adaptively weight feature representations, sig-
ni cantly enhancing SR performance.

Transformer-based models.  As the rst Transformer-based image restoration
model, IPT [5] was introduced as a large-scale model utilizing the Transformer's
encoder and decoder architecture. By pre-training on ImageNet, IPT signi -
cantly improved SR performance, fully leveraging the capabilities of the Trans-
former. SwinIR [19] executes self-attention within local windows during feature
extraction, demonstrating exceptional SR performance and establishing itself
as the foundational model for Transformers in SR. Following this, models that
build upon SwinIR have been developed [6,33,34,42], enhancing performance by
extending and optimizing the self-attention mechanism. Among them, HAT [6]
achieves state-of-the-art performance in SR by using a duplicated cross-attention
module and pre-training on ImageNet. However, there may be potential for im-
provement, as ImageNet is primarily an image recognition dataset and may not
be fully optimized for SR.

2.2 Image super-resolution datasets

T91 [30] and BSDS200 [22] are early datasets used to train SR models, consist-
ing of 91 and 200 images, respectively. The turning point in training datasets
was ushered by the release of DIV2K [1], a compilation of 800 high-resolution
images with minimal compression noise meticulously collected from the web.
Subsequently, to accommodate the further scaling of the model, Flickr2K [27],
consisting of 2,650 high-resolution images, is merged into DIV2K and is referred
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Fig. 2: Images of DiverSeg with their segmentation masks. DiverSeg is obtained from
a large set of low-resolution images through the automated image evaluation pipeline.

to as DF2K. In recent years, to further expand the scale of SR datasets, datasets
larger than DF2K have been released, such as LSDIR [17], comprising 84,991 im-
ages and HQ-50K [31] consisting of 50,000 images. These datasets persistently
adhere to stringent criteria, ensuring high resolution and negligible compression
noise in the imagery. However, since collecting images that meet the aforemen-
tioned conditions is quite challenging, these datasets still consist of only tens of
thousands of images. In contrast, several approaches [5, 6, 16] adopt ImageNet,
also known as ImageNet-1k, which consists of 1.28M images spanning diverse
categories. These approaches leverage the diversity of texture patterns in Ima-
geNet as an advantage. Nevertheless, ImageNet is pointed out to contain some
images having low-resolution and JPEG-compression artifacts, which adversely
a ect the training results.

3 DiverSeg dataset

This section presents Diverse Segmentation dataset (DiverSeg), our dataset for
training SR models without using high-resolution images. As shown in Figure 2,
the DiverSeg dataset consists of low-resolution but high-quality images with
diverse segmented object regions. The framework for constructing the dataset
consists of two steps, source selection and object-based Itering, which are de-
signed from our perspective of rethinking resolution and diversity, respectively.
Our approach eliminates the manual cost of collecting and quality-checking high-
resolution images.

3.1 Source selection

Let X be a set of low-resolution image datasets. This step Iters out low-quality
datasets by estimating the quality ¢x 2 [0; 1] for each datasetX 2 X and
excluding those with §x < 0:9, under the assumption that low-quality images are
detrimental when training SR models. We introduce a quality estimation method
based on the Kullback Leibler (KL) divergence between blockiness distributions
as detailed below.
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