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Abstract

Remote sensing image super-resolution has become a critical task to enhance
spatial detail for downstream applications such as land cover mapping, envi-
ronmental monitoring, and precision agriculture. However, the unique char-
acteristics of remote sensing data—including limited training samples, com-
plex sensor degradations, and spectral diversity—pose significant challenges
to conventional super-resolution pipelines. In this paper, we present a com-
prehensive review of recent advances in remote sensing single image super
resolution (RSSISR), spanning across supervised, self-supervised, unsuper-
vised, training-free, generative adversarial network-based, diffusion-based,
and physically/statistically guided frameworks. We introduce a structured
taxonomy that organizes these approaches and analyze their strengths, lim-
itations, and application domains.

In addition, we identify key challenges in the field, including (1) data
scarcity, (2) generalization gaps, (3) high computational cost, (4) lack of
task-oriented evaluation, and (5) limited physical integration in degradation
process modelling. By pinpoiting these challenges, we outline promising re-
search directions including (1) data augmentation and enhancement, (2) gen-
erative priors and large foundation models, (3) learning paradigms less reliant
on supervision, (4) application-aware frameworks, (5) physics-guided model-
ing, and (6) multi-task learning. Case studies across real-world tasks such
as crop monitoring, spatio-temporal image upscaling, flood mapping, and
object detection further illustrate the practical utility of different RSSISR
strategies. This review not only summarizes the current landscape but also
provides a forward-looking perspective on the future of RSSISR.

Keywords: Single Image, Super Resolution, Remote Sensing, Deep
Learning, Diffusion Model
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1. Introduction

Coarse spatial resolution is one of the most important factors hinder-
ing the application of remote sensing (RS) images [1]. RS utilizes satellite
or aerial imagery to reflect the observation, which may have limited spatial
and/or spectral resolution due to sensor degradation or atmospheric inter-
ference [2]. For instance, Landsat-8’s 30 m resolution is often insufficient for
smallholder crop fields smaller than 1 ha [3] or urban land cover mapping [4],
while Sentinel-2’s 10 m bands still struggle to delineate narrow crop strips,
small and irregularly shaped fields [5].

Single image super resolution (SISR) relies on one given low-resolution
(LR) image to generate the corresponding high-resolution (HR) image, as
shown in Figure 1 [6]. SISR can play a crucial role in enhancing the spa-
tial resolution of RS images without the need for additional sensor up-
grades. There are three main categories of SISR methods: interpolation-
based, reconstruction-based, and learning-based methods [7]. Interpolation-
based methods, such as nearest neighbor, bilinear and bicubic interpolation,
can estimate new pixels based on weighted calculations of surrounding pixels,
but often produce overly smooth results and fail to recover feature edges and
textures. Reconstruction-based methods introduce image priors (e.g., image
gradients) to guide HR image generation [7]. These methods can better pre-
serve details than interpolation, but often rely on handcrafted features and
are sensitive to noise. Last but not least, learning-based methods—especially
those based on deep learning (DL)—have recently dominated the SISR field
[7]. These methods learn mappings from LR to HR images from large data
pairs, leveraging convolutional neural networks (CNNs) such as SRCNN [8],
VDSR [9], and EDSR [10], generative adversarial networks (GANs) such as
SRGAN [11] and ESRGAN [12], and other model architectures. These meth-
ods can effectively capture complex patterns, learn general representations,
and generate high-fidelity images.

Recent advances in RS single image super resolution (RSSISR) have been
extensively reviewed in previous surveys. For example, there is a study sum-
marizing various families and methods of RSSISR, yet primarily focusing
on traditional techniques grounded in physical models and prior knowledge,
rather than deep learning approaches [13]. Alternatively, a recent review
summarized SISR models from a computer science perspective, covering in-
terpolation methods, reconstruction methods, and learning-based methods
[7]. However, this study lacks perspectives of domain-specific applications
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Figure 1: SR aims to reconstruct a high-resolution (HR) image from its degraded low-
resolution (LR) counterpart.

such as RS field. More recent literature introduces significant deep learn-
ing work on RSSISR, covering aspects including datasets, image quality,
model performance evaluation, design principles, and relevant applications
[14, 15, 16]. However, given the rapid development in this field, many state-
of-the-art (SOTA) models and approaches may not have been covered in these
studies. In addition, this review provides a critical analysis of the current
literature, identifies remaining challenges, and discusses potential directions
for future research. Therefore, it aims to offer valuable insights into emerging
models and trends, highlighting the need for continued investigation. Our
contributions and highlights can be summarized as:

• We summarize DL architectures in RSSR field. The review highlights
that generative priors and large foundation models show promising re-
sults across various fields, and are still underexplored in RS field.

• We provide a comprehensive review of the DL-based RSSISR algo-
rithms thoroughly since 2016. Current research predominantly focus
on supervised learning methods. However, self-supervised, unsuper-
vised and training-free learning deserve further investigation.
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• Despite substantial advancements, challenges such as training data
quality, poor model generalization and transferability, high computa-
tional cost, oversimplified degradation process, and limited application
alignment remain unresolved. Moreover, many current models focus on
visual metrics while neglecting performance in downstream geospatial
tasks.

• To address these limitations, we identify several promising research di-
rections, including data augmentation and enhancement, integration
of generative priors and foundation models, exploring more training
paradigms less reliant on supervision, application-aware designs, and
physically guided approaches that simulate sensor characteristics and
real-world degradations. Additionally, the rise of diffusion models and
vision-language architectures opens new opportunities for zero-shot en-
hancement and multimodal learning.

2. Methodology

2.1. Problem Definition

RSSISR aims to restore HR RS images from the corresponding LR RS
images. Typically, LR images could be represented as a degradation of HR
images:

ILR = D(IHR) + n (1)

where: D represents the degradation operation (e.g., blurring and down-
sampling); n represents noise.

Thus, the super-resolution process could be represented as:

IHR = D−1(ILR − n) (2)

where D−1 is the inverse of the degradation operation.
Since directly computing D−1 is usually impractical , DL models can be

used to approximate this inverse mapping:

IHR ≈ f(ILR) (3)

where f is a non-linear mapping function learned by the DL models.
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2.2. Literature

The review followed a systematic search process that encompasses 124
documents from the Scopus database [17]. The search strategy involved
using keywords ”super resolution” AND ”remote sensing” AND ”deep learn-
ing” AND ( ”single image” OR ”single frame” OR ”single input” OR ”single
view” ) along with classic DL architecture papers and reviews, as shown in
Figure 2. The subject areas were limited to Computer Science, Earth and
Planetary Sciences, Engineering, Mathematics, Environmental Science, en-
suring English-language, peer-reviewed articles, conference proceedings, and
scientific book sections. The review applied specific inclusion criteria for the
selected documents, which included: (a) utilization of RS images, instead of
natural images; (b) exploration of DL architecture improvements; (c) pub-
lications in reputable academic literature. By employing these criteria and
conducting a rigorous search, the review aimed to provide a comprehensive
and well-rounded overview of the state of RSSISR and the associated DL
architectures.

Figure 2: Flowchart of the methodology applied for paper selection.
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3. RS Datasets

Table 1 summarized commonly used datasets in RSSISR field. Note that
these datasets do not actually contain HR-LR pairs, the LR images are in-
terpolated using the bicubic method [18].

AID: The AID dataset contains 10,000 aerial images across 30 scene
categories, including airport, forest, stadium, and residential areas [19]. Each
image is 600×600 pixels with spatial resolution ranging from 0.5 to 8 meters.

DOTA: This dataset includes 2806 aerial images from different sensors
and platforms [20]. Each image is 4000 × 4000 pixels. It supports object
detection tasks with annotations across 15 categories such as ship, vehicle,
and airplane. The dataset features diverse imaging conditions, including
scale variation, orientation, and shape complexity.

UC Merced: It consists of 21 classes of land-use and possibly object
images with 256×256 pixels selected from aerial orthoimagery [21]. The
images are extracted from orthorectified aerial photos over 21 U.S. regions.
They are then cropped into small regions of 256×256 pixels. It is widely used
for land cover classification and is one of the most benchmarked datasets in
RSSR field.

WHU-RS19: TheWHU-RS19 dataset includes 1005 images from Google
Earth, each with 600×600 pixels [22]. The dataset covers 19 classes such as
airport, viaduct, and commercial area. Earlier versions included only 12
classes, but new updates introduced 7 more. It is commonly used for scene
classification under various spatial resolutions.

RESISC45: The NWPU-RESISC45 dataset consists of 31500 images
across 45 scene classes such as mountain, desert, and storage tanks [23].
Each image is 256×256 RGB pixels. It was collected globally from over 100
countries using Google Earth, and is known for high intra-class variability
and diversity in geography.

RSCNN7: This dataset contains 2,800 images (400×400 pixels) from
Google Earth across 7 scene types such as farmland, industrial region, and
residential areas [24]. Each class includes 400 images sampled across four spa-
tial scales, angles, and seasons, making it suitable for evaluating robustness
in scene classification.

Pavia Center: The Pavia Center dataset includes 7,456 hyperspectral
samples (1096×1096 pixels) with 102 spectral bands, acquired by the RO-
SIS sensor [25]. It captures urban scenes in northern Italy and includes 9
labeled categories. The dataset is frequently used for spectral-spatial super-
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resolution and classification tasks.

Table 1: Commonly Used Datasets in RSSISR Field.

Dataset Data Source Amount Image Size Usage

AID [19] Aerial 10,000 600×600 Scene Classification
DOTA [20] JL-1, GF-2 2,806 4000×4000 Object Detection

UC Merced [21] Air- and Space-borne 2,100 256×256 Land Cover Classification
WHU-RS19 [22] Google Earth 1,005 600×600 Scene Classification
RESISC45 [23] Google Earth 31,500 256×256 Scene Classification
RSCNN7 [24] Google Earth 2,800 400×400 Scene Classification

Pavia Center [25] ROSIS sensor 7,456 1096×1096 Scene Classification

Figure 3 shows the usage frequency of datasets listed in Table 1. Among
research papers examined, UC Merced, RESISC45, and AID are the most
popular datasets in RSSISR. Furthermore, researchers also customize satellite
images for method development. This shows that RSSISR needs real-world
data validation and applications for practical usage.

Figure 3: Data Use Frequency. We only summarized papers cited in this study.

4. Deep Learning Architectures

Based on the characteristics and limitations of commonly used RSSISR
datasets, it becomes obvious that robust and adaptable deep learning archi-
tectures are essential. This section reviews the impact of DL architectures
on RSSISR, presenting developing history and key architectures, including
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Convolutional Neural Network (CNN) architectures, Attention-based archi-
tectures, Generative Adversarial Network (GAN) architectures, Diffusion ar-
chitectures, and Graph Neural Network (GNN) architectures. As the com-
plexity and volume of RS data increase, so does the need for DL architectures
capability.

4.1. CNN Architectures

Originating in the 1980s and gaining popularity in the 1990s for hand-
written digit recognition, CNNs is predominant in computer vision until now,
with applications such as image classification, semantic segmentation, and
object detection [26, 27].

A typical CNN architecture consists of a sequence of convolutional layers,
followed by nonlinear activation functions (e.g., ReLU, Tanh), pooling oper-
ations for spatial downsampling, and sometimes normalization layers (e.g.,
BatchNorm, LayerNorm). However, as network depth increases, plain CNNs
often suffer from vanishing gradients and performance degradation.

To address these limitations, Figure 4 shows a classic CNN-based block,
which is ResNet block [28]. Based on the a plain CNN network, one can insert
shortcut connections to turn the vanilla CNN block into its residual version
[28]. The identity shortcuts can be directly used when the input and output
are of the same dimensions (solid line shortcuts in Figure 4 (A)). In this
way, residual networks are easier to optimize, and can boost accuracy from
considerably increased depth. CNNs can perform effective feature extraction
to identify spatial patterns of images but are limited in receptive fields due
to the size of convolution operations.

Several landmark CNN-based models have been proposed to advance
SISR. SRCNN [8] is one of the earliest DL-based SR models, introducing
a simple three-layer convolutional architecture that significantly improved
performance over traditional interpolation-based and reconstruction-based
methods. VDSR [9] builds on this by employing deeper residual learning
(20 layers), allowing for faster convergence and improved accuracy. EDSR
[10] further optimizes the residual structure by removing batch normaliza-
tion, enabling even deeper networks and achieving better results on many
benchmarks. In contrast to supervised methods, ZSSR [29] is a zero-shot
framework that trains on internal image statistics at test time, offering flex-
ibility in real-world scenarios with unknown degradation or limited training
data. These CNN-based models have laid a strong foundation for transfer-
ring SR techniques into RS imagery. For instance, GEOSR [30] integrates
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Figure 4: Comparison of ResNet block (A) and Transformer block (B).

and adapts these classical models for RS tasks, demonstrating the utility of
these architectures in domain-specific SR.

Figure 5: Comparison of convolution layer (A), fully connected layer (B) and attention
mechanism (C). Attention weights are dynamic and input-dependent (colorful lines), unlike
the fixed learned weights in convolution and fully connected layers (black lines).

4.2. Attention-based Architectures

Vision Transformer (ViTs) typically include several Transformer blocks
[31], where each consists of the input embedding, the positional encoding, and
the transformer encoders, as shown in Figure 4(B). ViT first deconstructs an
image into a series of 16×16 pixel patches. Each patch is mapped into a
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vector through input embedding. To help the model keep track of patch
sequence, a positional encoding is added.

Then what makes ViTs unique and exceptional is the self-attention mech-
anism for capturing global and local context [32]. This enables ViTs to
process global data representations in parallel, drastically improving compu-
tational efficiency. As shown in Figure 5, in self-attention, each element of
the input sequence interacts with every other element with dynamic weights.
This interaction is facilitated by the computation of Query, Key, and Value
vectors for each input token. The query asks: “what am I looking for?” The
key answers: “what do I have?” The value carries the information needed if
there’s a match. The dot product of Query and Key vectors determines the
attention scores, which are then normalized using the softmax function to
compute the weights. These weights are used to aggregate the Value vectors,
producing the self-attention output. This enables the ViTs to capture long-
range relationships in the image. On the contrary, in convolution layers and
fully connected layers, weights are fixed, as shown in Figure 5(B)(C). Com-
pared to CNNs, ViTs are more flexible in learning global context, especially
useful when trained with large datasets. Examples include the Multi-scale
Attention Network (MAN) [33], which integrates attention modules across
multiple scales to enhance the representation of the network, therefore achiev-
ing superior performance on many SR benchmarks.

4.3. GAN Architectures

A GAN consists of two models: a discriminator and a generator [34], as
shown in Figure 6(A). A discriminator estimates the probability of a given
sample coming from the real dataset. It works as a critic and is optimized
to distinguish the fake samples from the real ones. A generator outputs
synthetic samples given a noise variable input (shown as latent code z in
Figure 6(A) ). It is trained to capture the real data distribution so that
its generative samples can be as real as possible, or in other words, can
enforce the discriminator to distinguish image details. These two models
compete against each other during the training process: the generator is
trying hard to trick the discriminator, while the discriminator is trying hard
not to be cheated. This competitive game between two models motivates
both to improve their functionalities.

This approach was first introduced by Super-Resolution GAN (SRGAN)
[11], pushing the output towards more realistic textures and sharper details.
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Figure 6: Overview of typical generative models: (A) GAN and (B) Diffusion model.

Building on this, ESRGAN (Enhanced SRGAN) [12] further refines the SR-
GAN architecture with residual-in-residual dense blocks and a perceptual
loss. These improvements lead to both better perceptual quality and higher
quantitative metrics. More recent works have extended ESRGAN to do-
main specific tasks—for instance, applying ESRGAN to infrared (IR) image
super-resolution [35], demonstrating its adaptability to diverse data modali-
ties beyond the natural color (RGB) domain.

4.4. Diffusion Architectures

Diffusion models define a Markov chain of diffusion steps to slowly add
random noise to degrade original data and then learn to reverse the diffu-
sion process to construct desired data samples from the noise [36], as shown
in Figure 6 (B). the process starts with a clean image x0, and adds small
amounts of noise over multiple steps to create increasingly noisy versions
x1, x2, . . . , until reaching pure noise z. During training, the model learns to
reverse this process to transform random noise z back into a clean image
by predicting and removing noise at each step . . . , x2, x1, x0. Since diffusion
models rely on diffusion steps to generate samples, it can be quite expensive
in terms of time and compute. Methods have been proposed to make the
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process much faster, such as DDIM, but the sampling process is still slower
than GAN [37].

To address this, new methods aim to accelerate inference. Recently,
studies demonstrate that the diffusion prior, embedded in Stable Diffusion
[38], can be applied to various downstream content creation tasks, offering
adaptability and competitive performance [39]. For example, StableSR [40]
adds trainable spatial feature transform layers to exploit Stable Diffusion pri-
ors. Even if escaping from training diffusion process from scratch, StableSR
still needs 200 steps during inference. One-Step Effective Diffusion network
(OSEDiff) [41] introduces a pretrained text-to-image model as generator and
regularizer, and simplifies the inference step from 200 to 1. Moreover, the
Pixel-level and Semantic-level Adjustable Super-resolution (PiSA-SR) [42] is
a dual approach, characterizing pixel-level and semantic-level information,
achieving results in both quality and efficiency in 1 diffusion step. In RS
area, DiffusionSat [43] is a notable example. It leverages RS image metadata
(longitude, latitude, ground-sampling distance, cloud cover, timestamp) as
additional embeddings, enabling effective RSSR and inpainting.

4.5. Graph Neural Network Architectures

Graph Neural Networks (GNNs) have significant potential for processing
graph-structured data, such as transportation networks, due to their ability
to model irregular, non-Euclidean structures [44]. GNNs are designed to ac-
count for the relationships between nodes and the transmission of information
through edges. These models aggregate information from neighboring nodes
to predict values for nodes or edges. Due to the ability of modeling long-
range dependencies, GNNs are introduced to image restoration tasks. As
an example, Internal Graph Neural Network (IGNN) [45] constructs a graph
between similar patches across different image scales, and then aggregates
information from a LR version to guide HR reconstruction.

5. Deep Learning in RSSISR

In this section, we categorize existing deep learning-based RSSISR meth-
ods into four paradigms: supervised learning, unsupervised learning, self-
supervised learning, and training-free learning, based on their reliance on
labeled data and learning strategies. We then discuss commonly used eval-
uation metrics to assess the effectiveness and efficiency of these methods,
followed by real-world application scenarios.
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5.1. Supervised Learning

5.1.1. CNN

The msiSRCNN [46] pioneers its application of RSSR in multispectral
RS data; RS-SRCNN [47] is also a fine-tuned SRCNN version for super-
resolution, image denoising, and haze removal. RS-SR [49] adapted VDSR in
Pleiades multispectral images, demonstrating the better overall performance
that both Bicubic and SRCNN. After that, more CNN architectures have
been proposed for RSSR. In this review, we provide detailed information on
supervised CNN methods in Table 2, and summarize five types of commonly
used modules.

Residual Learning: As mentioned previously, ResNet blocks are essen-
tial and widely used in CNN architectures. For example, Remote Sensing
Deep Residual Learning (RS-DRL) [48] and Wide Remote Sensing Residual
network (WRSR) [53, 54] both incorporate the residual blocks. Moreover,
Multi-Losses Function Network (MLFN) [50] proposes two branch networks:
one is residual network, and the other is loss network, including pixel-wise
spatial loss and spectral loss to drive the learning of the entire reconstruction
model. With the advanced computing power, residual learning with more
depth has also been proposed, such as Improved Deep Recursive Residual
Network(IDRRN) [59]. Also, Multi-residual U-Net [60] enhances the original
U-Net by incorporating residual connections at multiple levels. Furthermore,
Enhanced Deep Pyramidal residual networks for Super-Resolution (EDPSR)
[66] is designed to leverage a hierarchical pyramidal architecture with residual
learning, making it well-suited for high-quality image reconstruction.

Wavelet and Shearlet Transform: Wavelet Transform-based methods
decompose an image into multiscale frequency components, learning high-
frequency details. On the other hand, Shearlet Transform-based methods
utilize the shearlet transform to represent images in multiscale and multi-
directional frequency components, allowing for a more accurate approxima-
tion of image structures, such as edges.

The Wavelet Transform Combined with the Recursive Resnet (WTCRR)
[51] and the Discrete Wavelet Transform SR (DWTSR) [52] apply the wavelet
transform to separate LR inputs into multiple subbands (LL, LH, HL, HH).
These components are then processed using deep residual networks to esti-
mate their high-resolution (HR) counterparts. The final super-resolved image
is reconstructed through inverse transforms. On the other hand, Deep Shear-
let Residual Learning Network (DSRLN) [55] adopts a dual-branch design to
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separately process high- and low-frequency shearlet coefficients. In summary,
wavelet-based methods provide efficient frequency-aware decomposition, and
shearlet-based methods offer directional sensitivity and edge representation,
making them particularly suitable for preserving fine structural details.

Markov Random Field: Markov random field (MRF) is a method
that models how each pixel in an image is influenced by the pixels around it.
The MRF and two-dimensional phase congruency-based single-image super
resolution reconstruction method (MRF-SRR) [58] uses phase congruency
to compute edge and texture maps, allowing for more accurate structural
feature representations. The MRF then models the spatial dependencies for
HR reconstruction. By considering both the spatial relationships between
pixels and the structural patterns in the image, MRF-SRR helps preserve
fine edge details and reduce unwanted artifacts. In simple terms, MRF-
based methods make the output image look cleaner and more accurate by
referring textures and edges.

Channel Fusion: Channel fusion refers to the process of integrating
information from different spectral bands. Channel fusion techniques learn
the importance of individual channels or combine multi-spectral features to
improve reconstruction accuracy, particularly for texture, edge, and detail
recovery. For example, the Dual-branch Multiscale channel fusion Unfolding
Network (DMUNet) [61] reconstructs texture and edge information sepa-
rately, supported by a multiscale channel fusion module that enables cross-
scale and cross-channel information exchange. The Selective Channel Pro-
cessing Network (SCPN) [62] designed a dynamically learnable feature map
using a channel selection matrix in the training phase. During inference, only
these selected channels are processed, reducing computation. However, if the
channel selection strategy is not robust and well-trained, the module might
consistently prioritize some channels while neglecting others, leading to sub-
optimal feature extraction. The Spatial and Channel Aggregation Network
(SCAN) [63] unifies spatial and channel attention in a structured pipeline.
It starts with standard and dilated convolutions, then employs Spatial and
Channel Aggregation modules composed of Temporal-Spatial Self-Attention
(TSSA) and Channel Attention (CA). TSSA captures spatial dependencies;
CA captures inter-channel relationships.

Multi-task Learning: More recently, multi-task learning is often ap-
plied to jointly handle related tasks or applications, enabling shared rep-
resentation learning and mutual performance enhancement [87]. In RSSR,
MTL is often applied to jointly handle SR and other low-level vision tasks
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such as deblurring or denoising. For example, the Joint Super Resolution
and Deblurring Network (JSRDNet) [65] can perform joint SISR and image
deblurring on low-resolution blurry inputs. In the network, one branch is
responsible for SR feature extraction, which uses residual blocks to extract
detailed structures for resolution enhancement. Another branch is deblur
feature extraction, which uses hierarchical convolutional layers to minimize
blur artifacts. The extracted features from both branches are then merged
(e.g., concatenation, element-wise multiplication, and gating) to fuse spatial
and channel information effectively. JSRDNet demonstrates the advantage
of multi-task learning by providing an end-to-end solution that generates
sharp, high-quality images from blurry low-resolution inputs.

5.1.2. Attention

Attention Module Integration: Plugging attention modules into other
architectures can enhance features selectively. For example, Self-Attention
Fusion (SAF) module can be placed after the CNN backbone and before the
up-sampling module [68]. SAF could combine spatial attention and channel
attention in parallel and dynamically using learnable parameters. Attention
modules (spatial/channel/self-attention) are integrated as lightweight add-
ons to previous models with minimal architectural disruption.

Multi-branch Architecture: Multi-branch architectures aim to decou-
ple different paths to specialize in related tasks or extract different feature
types. For instance, the Dual-resolution Local Attention unfolding Network
(DLANet) [70] flattens extracted features, processes them independently
along row-wise and column-wise directions. These attention maps are then
folded back into the original spatial domain to aggregate locally enhanced
features. Two-Branch Multiscale Residual Attention Network (TBMRA) [72]
begins with a convolutional layer followed by multiple TBMRA blocks. Each
TBMRA consists of two parallel branches with 3×3 and 5×5 kernels, de-
signed to capture low and high level spatial patterns. These branches are
further enhanced by efficient channel attention and spatial attention mech-
anisms. After attention refinement, the feature maps are concatenated to
generate the high-resolution output.

Progressive Feature Refinement: This design pattern leverages mul-
tistage modules to iteratively refine feature representations. It is often paired
with attention or transformer structures to enhance contextual understanding
and reconstruction fidelity. For instance, Transformer-based Enhancement
Network (TransENet) [69] introduces a multistage enhancement framework
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using transformer encoders and decoders. The encoder embeds multilevel
features, while the decoder fuses them for super-resolution reconstruction.
TransENet can be integrated into conventional SR networks to boost per-
formance. It achieves consistent gains over SRCNN, with up to +1.26 dB
in PSNR and +0.0370 in SSIM on the UC Merced dataset at scale ×3, and
+0.98 dB in PSNR and +0.0348 in SSIM on AID at scale ×4. Another
example is Pyramid Vision Transformer-Residual Feature Aggregation Net-
work (PVT-RFANet) [71], which has a three-part structure: a head with
a 1×1 convolution and Residual Feature Attention, a trunk composed of
Enhanced Spatial Attention, Channel Attention, and Pyramid Vision Trans-
former (PVT) blocks, and a final reconstruction module. PVT blocks incor-
porate patch embeddings, position embeddings, and spatial reduction to cap-
ture multiscale global context. This progressive attention-transformer fusion
yields the highest reported performance (PSNR: 22.01 dB, SSIM: 0.50) but
with slower inference (3.25–3.32 images/sec) compared to traditional models
like SRCNN (6.17 images/sec), illustrating a trade-off between reconstruction
quality and computational speed.

5.1.3. GAN

Recent studies in RSSISR extend GAN-based SR frameworks with archi-
tectural simplifications, progressive refinement strategies, attention mecha-
nisms, and saliency-guided feedback designs. Below, we group recent GAN-
based SR models by four design patterns:

Optimized GANs: Transferred Generative Adversarial Network (TGAN)
[73] improves upon SRGAN by simplifying the generator architecture—removing
batch normalization—to reduce computational overhead. The network is pre-
trained on DIV2K and fine-tuned on remote sensing data. This streamlined
architecture enhances visual performance and speeds up training, while mit-
igating normalization-induced artifacts. RS-ESRGAN [75] builds upon ES-
RGAN by introducing Residual-in-Residual Dense Blocks (RRDBs) without
batch normalization, along with residual scaling and support for four-band
imagery. These modifications enhance computational stability and enable
deeper feature propagation. It significantly improves PSNR, SSIM over SR-
GAN, demonstrating better spatial and spectral reconstruction.

Progressive Feature Refinement: This design leverages multi-scale
feature representations, starting from a low-level feature and adding new
blocks that model increasingly fine details as training progresses [88]. For
instance, Multiple Scale Super Resolution GAN (MSSRGAN) [74] integrates
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GAN learning with multi-scale progressive training. The generator has three
upsampling stages, each increasing resolution by a scale factor of 2x. On the
WorldView-3 dataset, MSSRGAN surpasses both SRGAN and MSSRNet in
PSNR and SSIM, showcasing superior structural preservation and fidelity.

Saliency-guided GANs: A saliency map is a visual representation that
highlights the most important or attention-worthy regions in an image — ar-
eas that are most likely to be relevant for the SR task. SD-GAN [77] adopts
dense feature extraction and uses saliency as a static preprocessing module
to guide learning. Although less dynamic than feedback-based methods, it
maintains high expressivity through iterative refinement and paired discrim-
inators. Saliency-Driven Feedback GAN SDFBGAN [76, 79] introduces a
saliency-driven feedback mechanism using paired-feedback blocks (PFBBs)
and recurrent structures. Saliency maps reflect texture complexity and guide
the generator in restoring regions with varying levels of detail.

Attention-enhanced GANs: Super Resolution Attention GAN (SRA-
GAN) [80] fuses attention mechanisms with residual learning to significantly
improve performance over SRGAN and ESRGAN. It achieves SOTA PSNR
and SSIM at 2× and 4× scales while maintaining low ERGAS scores. The
model balances effectiveness and moderate computational complexity. Resid-
ual Balanced Attention generator with UNet discriminator (RBAN-UNet)
[1] models realistic degradation with blur kernels and integrates both spatial
and channel attention in a residual generator. Using a UNet discriminator
for pixel-wise realism, RBAN-UNet achieves superior results over SRGAN on
the AID dataset. GAN with a joint-attention module JOA-GAN [82] pro-
poses a joint attention module combining Efficient Channel Attention (ECA)
and Integrated Spatial Attention (ISA) to guide both the generator and dis-
criminator. The model further incorporates multi-scale ERRDB blocks in
the generator and relative discrimination in the discriminator. Across UC
Merced, NWPU-RESISC4, and AID datasets, JOA-GAN consistently out-
performs SRGAN and ESRGAN in PSNR, SSIM, and perceptual quality,
demonstrating robustness across scale factors (4×, 8×).

5.1.4. Diffusion Models

Diffusion models have recently emerged as the most powerful generative
paradigm by modeling the data distribution through iterative denoising pro-
cesses [37, 39]. For example, Detail Complement mechanism (DMDC) [83]
introduces a two-stage approach, where the model is first trained on ran-
domly masked LR images to learn to recover missing patches. In the second
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stage, SR is applied to the intermediate output to refine spatial resolution.
Conditional guidance based on unmasked reference images allows DMDC to
iteratively restore fine details. Quantitative results across Potsdam and Vai-
hingen datasets demonstrate consistent superiority over DDPM, especially
in SSIM and BRISQUE metrics, affirming its ability to enhance perceptual
quality. TESR (Two-stage approach for Enhancement and super-resolution)
[84] combines SwinIR-based structural enhancement with a U-Net-based dif-
fusion model for fine detail restoration. The first stage extracts shallow and
deep features, while the second stage applies iterative denoising via diffu-
sion to refine textures. TESR outperforms SRCNN and TransENet across
all scales, with significant margins in PSNR and SSIM, highlighting the ef-
fectiveness of combining transformer-based learning and generative diffusion
modeling. Dual-Diffusion [85] introduces two parallel DDPM-based modules:
one for kernel estimation and another for image reconstruction. The kernel
predictor learns the mapping between latent and degradation kernels, while
the reconstructor uses this information to generate high-quality HR images
from LR inputs. This dual-path design enhances robustness and adaptability
to diverse degradation conditions.

5.1.5. GNN

GNNs are an alternative model design to CNNs by explicitly modeling
relationships between non-local image patches, making them particularly use-
ful for handling scale-variant objects and self-similar patterns in RS imagery.
Dual Learning-based Graph Neural Network (DLGNN) [86] addresses the
limitations of single-level feature representation by aggregating cross-scale
patch similarities via GNN-based message passing. A dual learning strategy
is employed, which jointly learns both the forward mapping from LR to HR
and a reverse mapping from HR to LR, improving generalization and recon-
struction fidelity. Evaluations on the Massachusetts Roads and 3K VEHICLE
SR datasets show that DLGNN achieves the highest PSNR and SSIM com-
pared to methods like TransENet and RDBPN, confirming its effectiveness
in leveraging self-similarity and scale-awareness.

5.2. Unsupervised Learning

Unsupervised CNN-based methods for SR aim to enhance spatial details
and structural integrity without requiring paired low- and high-resolution
image datasets.
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5.2.1. CNN

UDGN (Unsupervised Deep Generative Network) [89] enhances SISR per-
formance by incorporating edge information from the gradient map of the LR
image. The architecture fuses the original image and its Sobel-filtered gradi-
ent map, followed by multi-stage processing that includes feature extraction,
residual learning, and pixel-shuffle upsampling. While UDGN demonstrates
promising performance in preserving textures and edges, its effectiveness di-
minishes in complex regions, particularly around object boundaries. How-
ever, UDGN is unsuitable for complex image features inside edges.

Fusion-based framework for Unsupervised Single-Image Super-Resolution
(FUSISR) [90] is a Self-Fusion architecture. It first decomposes LR image into
low-frequency (I1), mid-frequency (I2), and high-frequency (I3) components,
which capture smoothing features, textures, and edge details, respectively.
These components are fused through a learnable weighting mechanism and
processed by an autoencoder to reconstruct the final SR image. Training
is guided by a no-reference image quality metric (NR-IQM), enabling fully
unsupervised learning. Comparative evaluation using BRISQUE, NIQE, and
PIQUE metrics shows FUSISR excels at preserving perceptual quality and
naturalness, particularly at high scaling factors, while ZSSR remains stronger
at edge detail preservation.

5.2.2. GAN

Unsupervised GAN [91] bypasses the need for HR labels by generating SR
images from interpolated LR inputs and comparing them to downsampled SR
images in the discriminator. This setup enables adversarial learning without
HR supervision. The model demonstrates excellent performance at 2× scale
and competitive performance at 4×, effectively balancing spatial and spectral
fidelity.

Closed-Loop Network for Single Infrared Remote Sensing Image Super-
Resolution (CLN4SR) [92] proposes a dual-generator closed-loop structure:
one network performs downsampling, and the other performs super-resolution.
Their interconnection allows for self-supervised learning by enforcing consis-
tency between the input and reconstructed images. In infrared SR tasks,
CLN4SR outperforms ZSSR [29], achieving superior PSNR (40.1415 vs. 38.1762)
and SSIM (0.9645 vs. 0.9597), validating its ability to preserve both fine
structural details and overall image quality under real-world degradation.
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5.3. Self-supervised Learning

Self-supervised learning (SSL) for SR leverages intrinsic structures or
degradation properties within unpaired data to guide model learning, elimi-
nating the need for ground truth HR images.

5.3.1. CNN

Degradation Guided Adaptive Network (D2U) [93] learns degradation-
aware representations via a contrastive learning framework. Assuming spa-
tially uniform degradation across an image, embeddings from the same image
are treated as positive pairs, while those from different images are negatives.
The resulting degradation embeddings are integrated with CNN-extracted
features and passed through a dual-wise modulation network comprising
Dual-wise Modulation Groups (DMGs). These DMGs include Dual-wise
Modulation Blocks that refine features via both additive and multiplicative
adjustments. Upsampling is performed with pixel shuffle to reconstruct the
HR output. On the AID dataset, D2U significantly outperforms the unsu-
pervised baseline ZSSR, achieving a PSNR of 40.1415 and SSIM of 0.9645,
compared to ZSSR’s 38.1762 and 0.9597, respectively. This demonstrates the
effectiveness of combining self-supervised degradation modeling with adap-
tive modulation for SR under unknown degradations.

5.3.2. Attention

Cross-dimension Attention guided Self-supervised remote sensing single-
image super-resolution method (CASSISR) [94] introduces a Cross-Dimension
Attention Module (CDAM) that jointly models channel and spatial depen-
dencies to enhance internal feature learning. The self-supervised training
pipeline first downsamples the LR input to 1/s×LR (where s is the upscaling
factor) and trains the network to reconstruct the original LR image. After
convergence, the full LR input is used to infer the HR output. This strategy
encourages learning from internal patterns and supports structure-aware re-
construction. CASSISR achieves best performance on multiple datasets over
all compared methods. For example, on the RSSCN7-Blur dataset, it reaches
a PSNR of 30.01 and SSIM of 0.8142, outperforming SRCNN by +2.15 dB
and +0.0831 in SSIM. On WHU-RS19-Blur, CASSISR achieves 32.66/0.8831
versus SRCNN’s 29.08/0.7936, indicating significant improvements in blur re-
duction and structural preservation. However, its reliance on internal image
redundancy may limit performance in scenes lacking repetitive texture.
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5.4. Training-free Learning

Training-free methods bypass the need for large annotated datasets and
explicit training phases by leveraging the inherent structure of neural net-
works as image priors. These approaches are particularly valuable for data-
scarce domains like hyperspectral imaging.

Deep Hyperspectral Prior (Deep HS Prior) [95] extends the concept of
deep image priors to hyperspectral image restoration tasks. The method
evaluates both 2D and 3D convolutional architectures: the 2D model inde-
pendently processes each spectral band, capturing spatial features but ignor-
ing inter-band correlations, while the 3D model jointly models spatial and
spectral dependencies through volumetric convolutions.

Despite the 3D model’s theoretical advantage in modeling spectral-spatial
relationships, the 2D architecture consistently outperforms it in practice. It
achieves higher mean PSNR (MPSNR: 33.67 vs. 32.31) and lower Spectral
Angle Mapper error (SAM: 4.211 vs. 4.692), while the 3D variant exhibits
slightly better MSSIM (0.967 vs. 0.945). Additionally, the 2D model is
more computationally efficient, requiring significantly less memory and time.
These results suggest that 2D architectures, although simpler, are often suf-
ficient for effective hyperspectral restoration, while 3D convolutions remain
theoretically important for capturing spectral priors.

5.5. Evaluation Metrics

5.5.1. Model Performance

Peak-Signal-Noise-Ratio (PSNR): an image quality evaluation index
based on the mean square error (MSE) between the ground-truth HR and
the reconstructed SR, which can be formulated as:

MSE(HR,SR) =
1

mn

m∑
p=1

n∑
q=1

(HR(p, q)− SR(p, q))2 (4)

PSNR(HR,SR) = 10 log10

(
2552

MSE(HR,SR)

)
(5)

Where m and n are the width and the height of the image, respectively;
p and q index the pixel location at row and column, respectively. PSNR
is an essential evaluation method in SR tasks, and an image with a larger
PSNR has a higher reconstruction quality in the pixel level. However, PSNR
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has a weakness in measuring fidelity signal as it fails to capture structural or
perceptual differences between images [96].

Structural Similarity Index Measure (SSIM): used to evaluate the
structural similarity between the ground-truth HR and the reconstructed SR
image, and it can be calculated as:

SSIM(HR,SR) = l(HR,SR) · c(HR,SR) · s(HR,SR) (6)

l(HR,SR) =
2µHRµSR + C1

µ2
HR + µ2

SR + C1

(7)

c(HR,SR) =
2σHRσSR + C2

σ2
HR + σ2

SR + C2

(8)

s(HR,SR) =
σHRSR + C3

σHRσSR + C3

(9)

where µHR and µSR represent the mean value of HR and SR, respectively,
σHR and σSR denote the standard deviation of HR and SR, respectively,
σHRSR is the covariance between HR and SR, and C1, C2 and C3 are con-
stants. A higher value of SSIM indicates a higher quality. SSIM is designed to
account for structural similarity and perceptual differences, providing better
alignment with human visual judgment than PSNR [96].

Spectral Angle Mapper (SAM): it calculates the angle between two
images by computing the dot product divided by the 2-norm of each image.
This index indicates higher similarity between images as it approaches zero:

SAM(HR,SR) = arccos

(
HR · SR

∥HR∥2∥SR∥2

)
(10)

Correlation Coefficient (CC): calculates the average Pearson correla-
tion coefficient across all bands between SR and HR:

CC(SR,HR) =
1

nbands

nbands∑
j=1

∑n
k=1(SRkj − S̄Rj)(HRkj − H̄Rj)√∑n

k=1(SRkj − S̄Rj)2
√∑n

k=1(HRkj − H̄Rj)2

(11)
Where n is the number of pixels in each band, and S̄Rj, H̄Rj are the means
of band j. Both SAM and CC are designed for spectral similarity evaluation,
and are commonly used in multispectral and hyperspectral image SR, where
spectral integrity across multiple channels is essential.
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Normalized Root-Mean-Square Error (NRMSE): can be computed
as follows, and the smaller the value of NRMSE is the better quality the
reconstructed HR image has:

NRMSE(SR,HR) =

√
MSE(SR,HR)

255
(12)

Erreur Relative Globale Adimensionnelle de Synthese (ERGAS):
is put forward to measure the quality of reconstructed HR images by taking
the scaling factor into consideration, and it can be formulated as:

ERGAS(SR,HR) = 100 · 1
s
·

√√√√1

c

c∑
i=1

(
RMSEi

µHRi

)2

(13)

Where s represents the scale factor, c denotes the channel number of
the image. The smaller the value of ERGAS, the better the quality of the
reconstructed HR image.

5.5.2. Model Efficiency

Model efficiency is an essential consideration in RSSISR, especially for
real-time or resource-constrained applications such as onboard satellite pro-
cessing. Two widely used metrics to evaluate the computational efficiency
of super-resolution models are Floating Point Operations (FLOPs) and the
number of trainable Parameters (Params).

FLOPs: FLOPs refer to the total number of operations (multiplications
and additions) required during a single forward pass of the network. For a
standard 2D convolutional layer, the FLOPs can be estimated as:

FLOPs = 2 · Cin · Cout ·K2 ·Hout ·Wout (14)

where Cin is the number of input channels, Cout is the number of output
channels, K is the kernel size , and Hout,Wout is the height and width of
the output feature map. The factor 2 accounts for both multiplication and
addition operations per output pixel.

Trainable Params: The number of learnable parameters determines the
model size and storage cost. For a single convolutional layer, it is computed
as:

Params = Cin · Cout ·K2 + Cout (15)
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where the last term accounts for the bias in each output channel (if applica-
ble).

These metrics help quantify the trade-off between model complexity and
computational efficiency, especially when comparing lightweight designs with
more elaborate architectures involving self-attention, diffusion, or graph-
based modules.

5.6. Downstream Applications of SR Images

Currently, most RSSISR methods are developed in an application-independent
manner, often without case-specific or real-world evaluations. However, prac-
tical deployments demand robust models designed to diverse geospatial sce-
narios. Critical applications such as agricultural forecasting, flood mapping,
and urban monitoring require SR methods that adapt to domain-specific
features and geographical contexts. For instance, land cover and land use
applications often rely on urban-focused training data, emphasizing features
such as physical infrastructure and built environments. Wildfire damage
assessments, by contrast, prioritize forested and rural regions, while flood
mapping necessitates accurate water-body delineation and topographic sen-
sitivity during training phases.

An example of application-aware method is JSRDNet [65], which demon-
strates the utility of RSSR for land cover classification. Post-SR classification
using supervised models reveals that JSRDNet outperforms seven other SR
methods, achieving the highest classification accuracy (86.94%) and Kappa
coefficient (0.8006), surpassing the next best DASR (85.6%, 0.7799). These
improvements highlight its robustness for land-use mapping. Another ex-
ample is the Dual Super-Resolution (DSR) framework [97], which jointly
integrates SISR and Semantic Segmentation Super-Resolution. DSR sig-
nificantly outperforms interpolation baselines with a PSNR of 35.422 and
SSIM of 0.776. Experiments on VDSR [98, 99] also show that SISR can
enhance Global Navigation Satellite System Reflectometry (GNSS-R) data
and sea surface temperature reconstruction across two resolution transitions
(15km→5km and 5km→1km). Multi-Residual U-Net [60] is a method de-
signed to super-resolve MODIS land surface temperature data from 1,000m
to 250m resolution, enabling finer-scale climate and environmental analy-
ses. BLiSR [67] also validates SR’s relevance by enhancing object detection
(mAP50: 92.8%) and semantic segmentation (mIoU: 66.3%) across NWPU
and Vaihingen datasets. These examples confirm the value of domain-adapted
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SR methods in improving the performance of RS-related tasks across diverse
applications.

6. Challanges

6.1. Training Data Quality

The scarcity and domain specificity of high-quality training data remains
a critical challenge in RSSR. Despite the availability of open-access Earth
observation datasets such as Landsat8 and Sentinel-2 [100], difficulties persist
in curating real-world datasets that meet the spatial, spectral, and temporal
requirements of SR tasks. Many current SR models still rely on synthetically
generated HR-LR pairs using bicubic downsampling, which fail to reflect the
complexity of real-world degradation processes, particularly for modalities
like hyperspectral and infrared imagery [92]. This mismatch reduces the
applicability of such models in practical settings [7].

To address this issue, recent methods have begun to explore blind SR
under unknown and variable degradations. However, the lack of real-world
benchmark datasets and the difficulty of estimating reasonable degradation
kernels still hinder progress [93]. Moreover, accurate HR-LR pair genera-
tion from satellite platforms (e.g., Sentinel-2, PlanetScope) is non-trivial. As
[101] points out, SR dataset construction in RS must consider multi-temporal
alignment, atmospheric correction, co-registration, histogram matching, and
patch selection based on perceptual quality metrics (e.g., PSNR, SSIM).
These steps are essential to ensure spatial, temporal, and radiometric con-
sistency for supervised learning. In summary, training data scarcity and the
mismatch between synthetic degradation assumptions and real-world condi-
tions continue to challenge the development of robust RSSR models.

6.2. Generalization and Transferability

Another key limitation in RSSISR models is the limited generalization
and transferability across geographic regions and sensor domains. First, mod-
els trained on data from one geospatial region often fail to perform well in
other regions due to variations in land cover patterns, atmospheric condi-
tions, and data acquisition time [102]. This geographic specificity poses a
significant barrier to cross-geospatial regions, and global-scale deployment.
Moreover, the limited generalizability of models across geographic regions
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and sensor types also introduces challenges. In particular, differences in spa-
tial resolution and sensor characteristics introduce distribution shifts. Al-
though models may be trained at one target scale (e.g., Landsat-8 30 m →
Sentinel-2 10 m), they often generalize poorly to data from other target scales
(e.g., Sentinel-2 10 m → PlanetScope 3 m, MODIS 500 m → Landsat-8 30
m). RS data at different resolutions and from different sensors have differ-
ent statistical distributions due to radiometric and geometric discrepancies
[103]. While some studies have made initial attempts to address generaliza-
tion, such as ISRGAN’s cross-region and cross-sensor evaluation [102], the
experiments were constrained to only two locations within one country and
in moderate-resolution (Landsat 8) sensors, which may not fully capture the
complexity of global-scale variation in land cover, sensor characteristics, and
degradation processes. As such, these discrepancies hinder model scalability.

6.3. High Scale Factor Super Resolution

While most current RSSISR models demonstrate satisfactory results at
moderate scale factors (e.g., 2×, 3×, 4×), their performances can be inferior
at higher scale factors (e.g., 6×, 8×, 10×, even 32×) [15]. This limita-
tion arises from the increasing difficulty in recovering high-frequency details
when the low-resolution input lacks sufficient contextual information. As
the scale factor increases, the degradation gap widens, leading to artifacts
such as over-smoothing or checkerboard effect [104]. Moreover, many public
RS datasets cannot provide reliable ground truth at ultra-high resolution,
making supervised learning at higher scales particularly challenging. Recent
efforts, such as spectra-guided generative adversarial networks (SpecGAN),
have reported success with extremely large scale factors (e.g., 32×) in RSSR,
yet such results are based on synthetic degradations using interpolation-based
downsampling [104], which cannot reflect the complexity of real-world degra-
dation. As such, the applicability to operational scenarios remains to be
further validated.

6.4. Lack of Application-Oriented Design

Among all research papers we examined in this review, most methods
are validated in application-independent scenarios, often using simulated LR
images, resulting in overly optimistic conclusions [105]. In addition, results
on simulated benchmarks have limited relevance to real downstream applica-
tions. As such, it is unclear whether existing SR methods that can generate
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realistic and fidelity-preserved datasets for downstream applications (e.g.,
crop yield prediction, or active fire detection).

A comparative analysis [106] highlights the sensitivity of SRGAN models
to the training and application data domains. In particular, models trained
on agricultural versus urban imagery exhibit similar PSNR/SSIM perfor-
mance on non-satellite benchmarks, yet diverge notably when applied to
real-world satellite datasets. This underscores the importance of domain-
aligned and diverse training data in achieving generalizable performance. In
downstream tasks, such as image classification and object detection, training
data characteristics significantly influence performance. Classification tasks
marginally benefit from SR pre-processing when the training and test im-
ages are domain-aligned. For instance, SRGANs trained on ship imagery
achieved slightly higher validation accuracy (98.72%) compared to raw im-
agery (98.59%). These results highlight that domain specific and semantic
alignment with target tasks are crucial for exploring the benefits of SR in
downstream applications.

6.5. Computational Cost

RSSR methods—especially those based on training transformers, GANs,
and diffusion models from scratch—are computationally expensive, limiting
real-time or onboard use. More recent and powerful models such as diffusion-
based architectures are also expensive to do inference, often requiring several
minutes on high-end GPUs, which restricts the accessibility. For example,
models like RFA-PVTNet [71] or TransENet [69] achieve strong PSNR/SSIM
but are slow (3.25–3.32 images/sec vs. SRCNN’s 6.17 images/sec). A com-
parative analysis [107] shows that although progressive reconstruction pre-
dicts HR images more accurately, the multiple upsampling steps have con-
siderably increased computational costs. These constraints are especially
critical in time-sensitive RS applications, such as disaster responses, where
inference time must be within seconds.

6.6. Limited Physical Integration

Most SISR models treat degradation as black-box (e.g., bicubic down-
sampling to generate LR images) [107]. However, actual LR images that are
encountered in real-world scenarios have a totally different distribution com-
pared to the ones generated synthetically using bicubic interpolation [107].
As a result, SR networks trained on artificially created degradations do not
generalize well to actual LR images in practical scenarios. Furthermore,
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current deep networks for SR are data-driven models that are learned in
an end-to-end fashion. While this approach has shown excellent results in
general, it proves to be sub-optimal when a particular class of degradation
occurs for which a large amount of training data is non-existent [107]. In
such cases, if the information about the sensor, imaged object/scene, and
acquisition conditions is known, useful priors can be designed to obtain high-
resolution images. Research also [108] shows that many of current models
underperform on real-world SISR tasks because they are optimized more for
image-to-image translation than for realistic SR reconstruction. This high-
lights a critical bottleneck in the generalization ability of existing SR models
because of limited physical degradation modeling.

7. Opportunities and Directions

7.1. Data Augmentation and Enhancement

Data augmentation and enhancement techniques aim to increase the di-
versity and richness of training samples, which is particularly important
in RSSISR tasks where HR images are scarce. Traditional augmentation
strategies—such as rotation, flipping, cropping, and illumination adjust-
ment—have been widely adopted to improve model robustness to geometric
and radiometric variability [42]. In the context of RS, task-specific augmen-
tations such as seasonal variation simulation, cloud masking can be applied
to better reflect real-world acquisition conditions.

Beyond basic augmentation, data enhancement techniques that incorpo-
rate domain-specific auxiliary data have shown promise. For instance, spec-
tral indices such as NDVI, land use/land cover labels, or even gradient edge
maps [109, 38, 110] can be injected as additional channels to enrich spatial-
spectral representations. These additional inputs can help guide the learning
process, especially in weakly supervised or transfer settings. Overall, data
augmentation and enhancement serve as foundational strategies to alleviate
training data scarcity and improve model generalization in RSSISR pipelines.

7.2. Generative Priors and Large Foundation Models

Generative priors refer to implicit knowledge and statistics embedded
within pretrained generative models [111], which can be generalized or fine-
tuned to guide downstream or related tasks such as SISR. Recent advances
in pretrained diffusion models and large foundation models—such as large
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language models (LLMs) and vision language models (VLMs)—have demon-
strated remarkable capabilities in image generation, translation, and structure-
aware reasoning. These models offer new potential for improving remote
sensing SISR through implicit priors, multimodal reasoning, and zero-shot
adaptability [38, 40, 41]. For example, StableSR [40] incorporates a time-
aware encoder into Stable Diffusion [38], preserving the Diffusion priors
and generating realistic images with 200 sampling steps. DiffBIR [112] also
freezes a pretrained diffusion model for its generative priors, and introduces
a degradation-aware encoder to align the corrupted input with the diffusion
model’s latent space. Harnessing generative priors makes the method both
flexible and efficient, and the model could generate images with 50 steps.
However, these models are based on natural images, and their generalization
to geospatial and RS datasets are unknown.

Furthermore, VLMs like CLIP [113], which encode rich semantic and
spatial knowledge through cross-modal training, may help bridge the gap
between pixel-level reconstruction and high-level scene understanding. Re-
cent trends in VLM-based SR suggest promising directions for geospatial
adaptation. For example, To enhance RSSR with high-level understanding,
SuperCLIP [114] integrates semantic priors from a pretrained CLIP model. It
extracts scene-level attributes (e.g., coast, desert, river) via vision-language
embeddings and injects them into a Semantic Attribute-Guided Transformer,
which fuses these priors with visual features. A visual semantic decoder
reconstructs enriched representations, while a semantic projection network
enforces alignment between the super-resolved output and CLIP-derived se-
mantics using multi-level losses. This approach demonstrates that pretrained
VLMs can guide pixel-level restoration through global semantic consistency.

Therefore, generative priors and foundation models offer a promising av-
enue to: 1) mitigate the dependency on large-scale, task-specific HR-LR
datasets; 2) improve generalization under complex, real-world sensor degra-
dations; 3) provide semantic-aware or task-specific super-resolution using
multimodal input (e.g., text, maps, or class labels); and 4) enable zero-shot
or few-shot adaptation to new domains.

7.3. Transfer-Learning, Self-Supervised, Unsupervised, and Training-Free Paradigms

Models discussed in this review generally learn from downsampled ver-
sions of HR images to simulate LR inputs. However, in many real-world
remote sensing scenarios, such as historical archives, cloud-covered acquisi-
tions, or low-budget satellite missions, HR references may not be available.
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In such cases, conventional supervised training fails. To overcome this, sev-
eral alternative learning paradigms have been proposed, including transfer
learning, self-supervised learning, unsupervised learning, and training-free
approaches.

Transfer learning. Transfer learning has emerged as a powerful solution to
address the scarce training data and leverage pretrained model priors. Some
approaches freeze encoder layers from pretrained SISR models while adapt-
ing decoder components to target domains. For instance, CNMF [115] and
TransRes [116] both leverage pretrained architectures and fine-tune them on
satellite images from specific regions or sensors. This strategy significantly re-
duces training time and improves generalization. However, transfer learning
can suffer from domain shift when the source and target distributions differ
substantially (e.g., urban RGB → rural multispectral). Domain adaptation
or spectral-aware fine-tuning may be needed to mitigate this gap.

Self-supervised learning. SSL frameworks utilize internal information of the
image itself to generate pseudo supervision signals. One notable method
is D2U [93], which learns degradation-aware representations through con-
trastive learning and adapts them to guide SR reconstruction. Another is
CASSISR [94], which introduces a cross-dimension attention mechanism and
downscales the input further (e.g., 1/s×LR) to generate a pseudo-SR task
without HR ground truth. These methods enable learning from unlabelled
data and are particularly suited for blind SR settings.

Unsupervised learning. Unsupervised super-resolution typically learns from
unpaired LR and HR image sets. A representative work is Unsupervised
GAN [91], which replaces the standard HR supervision with an adversarial
loss between generated SR images and interpolated LR references. Another
example is CLN4SR [92], which constructs a closed-loop between a downsam-
pling network and a super-resolution network, enforcing cycle consistency to
improve performance on infrared satellite imagery. These methods remove
the need for HR annotation while ensuring fidelity and structure preservation
through generative or cyclic losses.

Training-free methods. Training-free approaches, such as Deep Hyperspectral
Prior (Deep HS Prior) [95], do not rely on pretraining or external datasets.
Instead, they directly optimize a randomly initialized CNN (or 3D-CNN for
hyperspectral images) on the input image, exploiting the implicit image prior
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encoded in the network’s structure. These methods are flexible, lightweight,
and suitable for fast deployment on unseen data without domain adaptation.
While they often suffer from lower performance compared to trained models,
their independence from supervision makes them highly attractive for on-
board or resource-constrained scenarios.

These alternative paradigms hold strong potential for remote sensing ap-
plications due to their low data requirements and ability to generalize across
tasks. Specifically: 1) Transfer learning allows models trained on generic
datasets to be adapted to RS domains; 2) SSL leverages unlabeled data ef-
ficiently and is robust to real-world degradations; 3) Unsupervised learning
bridges the gap between SR and generative modeling without paired data;
and 4) Training-free models eliminate the need for offline training or pretrain-
ing, making them ideal for dynamic or operational environments. Combining
these paradigms with generative priors or task-specific adaptation strategies
represents a promising future direction.

7.4. Application-Aware Methods

Despite the rapid progress in DL-based RSSISR, limited attention has
been paid to evaluating the practical utility of super-resolved products in
real-world downstream tasks [105]. Traditional evaluation relies heavily on
pixel-level metrics such as PSNR and SSIM, which, while useful for mea-
suring perceptual quality, may not accurately reflect performance in applied
contexts such as agriculture, hydrology, or environmental monitoring. To
address this gap, recent studies have introduced task-based evaluation frame-
works for RSSR, where the output of SR models is directly assessed based
on performance in application-specific tasks [105]. In this study, a bench-
marking framework was applied to 76 images from PRISMA and TROPOMI
satellites (2020–2022), spanning three scenarios: precision agriculture, inland
and coastal water quality monitoring, and air pollution assessment.

For precision farming, the HyperTransformer achieves the highest accu-
racy at both 15m and 5m resolutions, indicating its effectiveness in retaining
crop-relevant features. In contrast, PCA-based pansharpening demonstrates
superior performance for inland and coastal water quality tasks, outperform-
ing HyperTransformer and other HSI-SR methods, particularly in preserving
spectral information critical to water reflectance analysis. Simpler methods
such as bicubic interpolation, Bi-3DQRNN, and HAT consistently underper-
form across tasks, revealing their limited adaptability to complex environ-
mental signals.
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These results suggest that SR model effectiveness is strongly tied to task
requirements, where spatial fidelity alone is insufficient—spectral integrity
and structural consistency are equally critical. In domains like agriculture or
aquatic monitoring, errors in spectral reconstruction can lead to misleading
predictions, such as incorrect crop classification or water quality estimation.
Thus, application-aware models must be optimized not only for perceptual
realism but also for downstream robustness.

Future efforts in application-aware SR could benefit from integrating aux-
iliary modalities (e.g., RGB, NIR, or SAR), which provide complementary in-
formation under challenging conditions, such as heterogeneous land surfaces
or cloud occlusion [117, 118]. Moreover, dynamic task supervision—where
SR networks are trained jointly with downstream objectives like classifica-
tion, segmentation, or retrieval—may offer an effective strategy to align SR
reconstruction with the demands of real-world geospatial analysis.

7.5. Physically and Statistically Guided Methods

Physically and statistically guided super-resolution (SR) methods inte-
grate domain-specific knowledge—such as sensor characteristics, radiative
transfer models, and statistical priors—into the SR process. Unlike purely
data-driven approaches, these methods aim to enhance reconstruction fidelity
and generalizability, particularly in remote sensing applications where data
scarcity, sensor noise, and complex degradations are prevalent.

Physically Guided Methods. These approaches incorporate physical models
and sensor-specific information into the SR framework. For instance, [1]
models realistic degradations of RS images as a convolution with a blur ker-
nel, and also simulate image noises by different statistical distributions, such
as Gaussian distribution and Poisson distribution. Another example is the
PGRSID framework [119], which introduces a physics-guided SR approach
by simulating realistic point spread functions (PSFs) using Zernike poly-
nomials to model optical aberrations, sensor blur, and atmospheric effects.
Experimental results on both simulated and real satellite data demonstrate
that PGRSID could preserve fine structural details and handling real-world
blur and noise conditions. [120] reconstructs high-resolution SWIR images
by combining spectral inversion, radiative transfer modeling, and full-link
sensor imaging simulation. The method estimates infrared reflectance from
high-resolution visible-band data via spectral library matching, then sim-
ulates radiance using atmospheric and sensor models. A refinement stage
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minimizes discrepancies between the observed LR infrared image and a de-
graded version of the reconstructed HR image using PSF, downsampling, and
noise constraints. This physics-guided pipeline improves structural fidelity
(SSIM up to 0.9157) and visual quality (VIF up to 0.6652), while preserving
real infrared characteristics.

Statistically Guided Methods. These techniques introduce explicit regulariza-
tion through Bayesian modeling, Markov Random Fields (MRFs), or uncer-
tainty quantification to reflect prior distributions or spatial dependencies. For
example, [121] propose a Bayesian hyperspectral SR model to better capture
pixel-level uncertainty and avoid spectral artifacts. Meanwhile, MRF-based
models have been used for edge and texture preserving image reconstruction
in ill-posed SR settings [122]. These approaches are especially useful in hyper-
spectral and multimodal fusion tasks, where maintaining spatial coherence
and spectral integrity is critical.

Despite their potential, physically and statistically guided SR methods re-
main underexplored. Future directions include incorporating radiative trans-
fer models, refining uncertainty estimation in pixel reconstruction, and build-
ing modular physical priors that are compatible with end-to-end learning.
These approaches promise to enhance the interpretability, reliability, and
scientific utility of SR models across diverse applications.

7.6. Multi-task learning

Multi-task learning (MTL) enables models to simultaneously optimize
for super-resolution and other downstream tasks, such as semantic segmen-
tation, object detection, or change detection. For example, SEG-ESRGAN
[123] super-resolves Sentinel-2 imagery to 2m resolution (a scaling factor of
5), with a parallel encoder–decoder branch for semantic segmentation, gener-
ating the enhanced land cover map. By sharing representations across tasks,
MTL promotes mutual benefits—SR can enhance the quality of downstream
inputs, while auxiliary tasks provide semantic guidance to regularize SR out-
puts. For instance, SEG-ESRGAN designs several skip connections from the
SR branch and concatenates with features from the segmentation branch,
promoting meaningful information to segmentation task [123]. Moreover,
MTL can reduce training and inference costs compared to training multi-
ple single-task networks, and improves generalization by enforcing cross-task
consistency [124]. Future directions may focus on adaptive loss balancing, or
task-specific decoders to further exploit multi-task synergy in RSSISR.
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8. Conclusion

This review provides a comprehensive analysis of single-image super-
resolution techniques in the context of remote sensing, covering different
training paradigms (supervised, unsupervised, self-supervised, training-free
learning), and various model architectures (CNN-based, GAN-based, Diffusion-
based, and GNN-based methods).

By systematically categorizing the diverse approaches and evaluating
their performance, this study reveals the strengths and limitations of each
proposed method under various practical constraints. Despite substantial
advancements, we identify key challenges in this field:

(1) Limited training data quality. High-quality LR-HR pairs or real-world
degradation simulations are scarce in RS dataset, making it difficult to train
robust models.

(2) Limited model generalization and transferability. Models trained on
specific regions, resolutions, sensors often fail to generalize across different
geographic locations, resolutions, and platforms due to different spatial vari-
ations and sensor characteristics.

(3) Lack of high scale factor super resolution methods. Most existing
methods are optimized for scale factors up to 2×, 3×, 4×, with limited success
on larger magnification factors such as 6× or 8×, which are more and more
critical and urgent in RS applications.

(4) Lack of application-oriented model designs. Most existing methods
focus on improving perceptual quality rather than evaluating HR outputs to
real-world downstream applications such as land cover classification or object
detection.

(5) High computational cost. Although training deep learning models
is particularly computationally demanding, many SOTA architectures also
involve complex structures and large memory footprints during inference,
limiting their deployment in real-time or resource-constrained environments.

(6) Limited physical integration. Current LR image generation meth-
ods (bicubic interpolation and Gaussian blur) rarely incorporate physics-
informed and domain-specific knowledge, which can challenge the model’s
reliability in practical applications.

To address these, promising future research directions include:
(1) Data augmentation and enhancement. Generating diverse training

samples through geometric transformations, spectral index incorporation (e.g.,
NDVI for SR in vegetated areas), and the data pairs enhancement of aux-
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iliary data (e.g., land cover, topography for texture in croplands or shaded
areas) may improve model robustness and generalization.

(2) Exploiting generative priors and large foundation models. Leveraging
pre-trained generative models or foundation models (e.g., diffusion, vision-
language models) can provide informative priors, reduce training costs, and
improve performance in low-data regimes.

(3) Exploring self-supervised, unsupervised, and training-free learning
methods. These approaches reduce dependence on expensive and human-
labeled data and may provide scalability across different sensors and spatial
regions, particularly valuable for under-annotated RS domains.

(4) Developing application-aware methods. Designing SR models with
awareness of downstream tasks (e.g., agriculture, urbanization, forestry, hu-
man mobility) ensures that improvements in spatial resolution can translate
to real-world application performance.

(5) Physically and statistically guided methods. Incorporating prior knowl-
edge of sensor physics, radiometric distributions, or domain-specific con-
straints can enhance model interpretability and accuracy.

(6) Multi-task learning. Simultaneously training SR models with related
tasks (e.g., classification, segmentation, object detection, denoising) encour-
ages feature representations and improves overall model generalization and
efficiency.

Moving forward, we advocate for a close coupling between algorithm de-
sign and real-world applications, providing practical solutions in Earth ob-
servation and geospatial analytics.
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Table 2: Prior work based on supervised learning.
Data Source Data Size Model SR Scale Results (%) Innovations Limitations

1. CNN

Sentinel-2
4224 images
(244x244)

msiSRCNN [46] x2
PNSR: 60.6527
SSIM: 0.9979

Capability of scaling multichannel images Poor generalization due to limited training set

UC Merced
500 images
(256x256)

RS-SRCNN [47] x2, x4
PNSR: 29.27
SSIM: 0.9229

Generalization to image denoising and haze removal Lack of model improvement

Sentinel-2 39675 images RS-SRL [48] x2
PNSR: 65.0622
SSIM: 0.9996

Tailored to RS images Not specific to RS image characterictics

SPOT, Pleiades - (250x250) RS-SR [49] x2, x3, x4

PNSR: 38.68
SSIM: 0.97
SAM: 0.34

ERGAS: 0.49

Comparison of SRCNN and VDSR Lack of model improvement

CAVE,
Pavia Centre

32, 7456 images
(512x512, 1096x1096)

MLFN [50] x2
PNSR: 49.674, 36.059
SSIM: 0.9985, 0.9762
SAM: 1.4596, 3.4593

Consider spectral loss Lack of model improvement for spectra

RESISC45
700 images
(256x256)

WTCRR [51] x2, x3, x4

PNSR: 31.80
SSIM: 0.9051

NRMSE: 0.0257
ERGAS: 2.1818

Exploration of different frequency bands Loss of high-frequency information

RESISC45 291 images (250x250) DWTSR [52] x2, x3, x4
PNSR: 32.1900
SSIM: 0.9087

Exploration of different frequency bands Limited training data size

DIV2K 800 images WRSR [53, 54] x2, x3, x4
PNSR: 27.75
SSIM: 0.8189

Reduced computational cost Limited model innovation

RESISC45
4680 images
(256x256)

DSRLN [55] x2, x3, x4
PNSR: 31.05
SSIM: 0.9221

High freqneucy details using Shearlet transform Implementation relies on multiple tools

RESISC45
700 images
(256x256)

MRFSR [56] z2, x3, z4
PNSR: 33.44
SSIM: 0.908

Increased reception fields Limited data category (only airplane images)

Self-collect
17000 images
(480x480)

BKPSR [57] x4
PNSR: 27.8848
SSIM: 0.7620

Captured degradation-specific features Dependency on accurate kernel estimation

UC Merced
2100 images
(256x256)

MRF-SRR [58] x4
PNSR: 27.4028
SSIM: 0.8669

High freqneucy details using phase congruency Computational cost

RESISC45
4500 images
(256x256)

IDRRN [59] x2, x3, x4
PNSR: 25.81
SSIM: 0.8077

ERGAS: 6.3351
Model efficiency Vanishing gradient risk

MODIS LST
2573 images
(64x64)

Multi-residual U-Net [60] x4
PNSR: 28.40
SSIM: 0.85
MSE: 0.39

Real-world RSSISR Limited to cloud-free images

UC Merced,
WHU-RS19

900 images
(96x96)

DMUNet [61] x2, x3, x4
PNSR: 30.81
SSIM: 0.860

Fuse texture and edge information No real-world scenario experiments

UC Merced,
RESISC45

500 images
(256x256)

SCPN [62] x2, x3, x4
PNSR: 29.32
SSIM: 0.7961

Model efficiency Bias in channel selection

Flickr2K,
DIV2K

3450 images
(192x192)

SCAN [63] x2, x3, x4
PNSR: 30.34
SSIM: 0.9068

Lightweight Not specific to RS image characterictics

Seninel 5P Multiple S5Net-dyn [64] -
PNSR: 30.944
SAM: 2.082

EGRAS: 3.473
Consideration of spectral correlation Computational cost

PatternNet, AID2
LISS-IV, LISS-III

(96x96) JSRDNet [65] x2, x3, x4
PNSR: 28.95
SSIM: 0.791

Generalization to image deblurring Single level feature in SR branch

UC Merced,
RESISC45

33,600 images
(256x256)

EDPSR [66] x2, x4
PNSR: 31.95
SSIM: 0.7455

Pyramid feature fusion with skip connections Model complexity

GeoEye-1, Google Earth Multiple BLiSR [67] x1-x4(arbitrary)
PNSR: 30.05
SSIM: 0.8831

Lightweight Potential quantization errors from binary operations

2. Attention

UC Merced
2100 images
(256x256)

SAF [68] x4
PNSR: 28.31
SSIM: 0.7784

Generalization Increased computational

AID,
UC Merced

12100 images
(256x256, 600x600)

TransENet [69] x2, x3, x4
PNSR: 29.38
SSIM: 0.7909

Multilevel feature embedding Model complexity

UC Merced,
WHU-RS19

900 images
(96x96)

DLANet [70] x2, x3, x4
PNSR: 30.87
SSIM: 0.849

Fuse information using flexible weights Only considered local dependency

WHU Building PVT-RFANet [71] x4
PNSR: 22.01
SSIM: 0.50

Pyramid feature fusion Model efficiency

WHU-RS19
1005 images
(600x600)

TBMRA [72] x2, x3, x4
PNSR: 30.837
SSIM: 0.816

Model stability
Computational cost
Specialized use case

3. GAN

UC Merced
100 images
(256x256)

TGAN [73] x4
PNSR: 27.62
SSIM: 0.78

Shared knowledge by transfer learning Limited data size

WorldView-3
10000 images
(320x320)

MSSRGAN [74] x2, x4, x8
PNSR:22.931
SSIM: 0.4564

Capability of small scale object recovery Computationally expensive

WorldView-2/3, Sentinel-2 Multiple RS-ESRGAN [75] x5

PNSR: 28.099
SSIM: 0.622

ERGAS: 25.389
SAM: 0.0954
CC: 0.958

Enhanced feature representation Computationally expensive

GeoEye-1
298 images
(512x512)

SD-FB-GAN [76] x3, x4
PNSR: 22.36
SSIM: 0.6306

Inject varying levels of texture by saliency maps High computational complexity

GeoEye-1
137 images
(512x512)

SD-GAN [77] x3, x4
PNSR: 20.9714
SSIM: 0.6964

Inject varying levels of texture by saliency maps High computational complexity

DIV2K, UC Merced Multiple TWIST-GAN [78] x2, x3, x4
PNSR: 35.21
SSIM: 0.9617

Exploration of different frequency bands Other WT techniques

GeoEye-1
137 images
(512x512)

SG-FBGAN [79] x2, x3, x4, x8
PNSR: 26.81
SSIM: 0.86

Inject varying levels of texture by saliency maps High computational complexity

RSCNN7, RESISC45, AID,
DOTA, and UC Merced

Multiple SRAGAN [80] x2, x4

PNSR: 27.205
SSIM: 0.7710
MSE: 205.36

ERGAS: 1.6028

Consider local and global dependency Computationally expensive

AID,
UC Merced,

and RSIs-CB256

10,000 images
(256x256)

RBAN-UNet [1] x4
PNSR: 25.676
SSIM: 0.7336

Simulating real-world sensor degradation Model complexity

UC Merced
200 images
(256x256)

TL-GAN [81] x4
PNSR: 36.28
SSIM: 0.8340

Feature enhancement using transfer learning Model complexity

AID,
RESISC45
UC Merced

300 images
(256x256)

JOA-GAN [82] x4, x8
PNSR: 30.28
SSIM: 0.8016

High frequency region enhancement No degradation diversity

4. Diffusion

Potsdam, Vaihingen (64, 128, 256, 512) DMDC [83] x2, x4, x8
PNSR: 23.46
SSIM: 0.6696

BRISQUE: 19.6959
Avoid over-smoothing problem Sampling time cost

UC Merced
200 images
(256x256)

TESR [84] x2, x3, x4
PNSR: 31.951
SSIM: 0.90456

Restoration of context details Sampling time cost

GeoEye-1, Google Earth Dual-Diffusion [85] x2, x3, x4 PNSR: 24.26 Degradation simulation Model complexity

5. GNN

3K VEHICLESR,
Massachusetts Roads

8370 images
(512x512)

DLGNN [86] x2, x3, x4
PNSR: 24.050
SSIM: 0.636

Combine cross-scale features Model complexity
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Table 3: Prior work based on unsupervised learning.
Data Source Data Size Model SR Scale Results (%) Innovations Limitations

1. CNN

Landsat 8, MODIS Multiple UDGN [89] x2, x4, x8

PNSR: 35.1123
SSIM: 0.9726
RMSE: 0.0176
SAM: 0.0543

Injected geographic details by NDWI Dependence on egde information

UC-Merced
2100 images
(256x256)

FUSISR [90] x2, x3, x4
BRISQUE: 52.2345
NIQE: 14.2345
PIQUE: 64.6754

Model efficiency Failure in fine details

2. GAN

UC Merced,
RESIS45,
WHU-RS19

All 3 datasets Unsupervised GAN [91] x2, x4

PNSR: 24.20
SSIM: 0.7136
SAM: 1.356

ERGAS: 4.626

super-resolve SR without HR labels Limited in high-frequent info reconstruction

PROBA-V NIR
Landsat 8

566 images
(384x384)

CLN4SR [92] x2, x3, x4
PNSR: 39.1266
SSIM: 0.9635

Can be trained in multiple modes
(supervised, weakly supervised and unsupervised learning)

Not SOTA in supervised learning mode

Table 4: Prior work based on self-supervised Learning.
Data Source Data Size Model SR Scale Results (%) Innovations Limitations

1. CNN

AID,
DOTA

Multiple D2U [93] x4
PNSR: 30.18
SSIM: 0.7906

Simulation of real-world scenarios Model complexity

2. Attention

RSSCN7,
RSC11,

WHU-RS19,
UC-Merced,

AID,
NWPU45

Multiple CASSISR [94] x2, x4
PNSR: 36.69
SSIM: 0.9514

No prior training Dependence on repetitive features

Table 5: Prior work based on training-free learning.
Data Source Data Size Model SR Scale Results (%) Innovations Limitations

1. CNN

Pavia Center -, (150x150) Deep HS Prior [95] x2
PNSR: 33.67
SSIM: 0.967
SAM: 4.211

Image prior within a CNN itself High computation cost

Table 6: Mapping of Research Directions to Identified Challenges

Challenge / Direc-
tion

Data Augmentation
and Enhancement

Generative Priors
and Foundation Models

Self-/Unsupervised
and Training-Free

Application-Aware
Methods

Physically /
Statistically Guided

Multi-task /
Learning

Training Data Quality ✓ ✓ ✓
Generalization and
Transferability

✓ ✓ ✓ ✓ ✓

High Scale Factor Su-
per Resolution

✓

Lack of Application-
Oriented Design

✓ ✓ ✓

Computational Cost ✓ ✓ ✓ ✓
Limited Physical Inte-
gration

✓ ✓
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