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ABSTRACT ARTICLE HISTORY
Satellite images are very useful across several domains since they Received 19 February 2025
offer a comprehensive view of the Earth’s surface. A typical satellite Accepted 22 June 2025
image processing workflow involves several key steps: acquisition, KEYWORDS
pre-processing, segmentation, and classification. In the acquisition Satellite images; synthetic
phase, satellite images are collected from remote sensors, and the data generation; remote
pre-processing phase involves enhancing quality and removing sensing; comprehensive
distortions in the raw data. Afterwards, segmentation is used to review

divide the image into meaningful regions, which are then

1. Introduction

An imaging satellite is an artificial device in orbit that captures images of the surface of the
Earth, providing a comprehensive and real-time view of the planet’s surface. Imagery is
captured using Remote Sensing (RS) technologies, which are used to collect and analyse
data on an entity, region, or event from a potentially distant location. RS allows covering
the entire surface in less than a day as a result of government initiatives and the increased
availability of commercial earth observation satellites, which are making satellite images
more widely available (Young and Onoda 2017). Increasingly, satellite images are attract-
ing attention from a wide variety of individual users, corporations, and organizations as
they are increasingly used for environmental monitoring (Himeur et al. 2022), urban
planning (Ouchra, Belangour, and Erraissi 2023), agriculture (Abozeid et al. 2022), disaster
management (Ghaffarian, Kerle, and Filatova 2018), and many other fields (Corbane et al.
2010; Hede et al. 2017; Oughton and Mathur 2021; N. Xue et al. 2020).

To extract meaningful information from images, the standard workflow involves sev-
eral steps, including acquisition, pre-processing, segmentation, feature extraction, and
classification (Malik et al. 2024). A remote sensor captures satellite images during acquisi-
tion, and the subsequent pre-processing phase aims to correct distortions and enhance
image quality. The segmentation process separates the image into coherent regions,
while classification assigns labels to each seg- mented area, enabling automated inter-
pretation of satellite data. However, labelling raw satellite images is a manual process and,
therefore, time and labour-intensive, especially considering the plentiful supply of raw
satellite images (Yao et al. 2016). This scarcity of annotation hampers Machine Learning
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(ML) models’ full potential, limiting their ability to discern complex patterns and nuances
within satellite images.

This review addresses the critical issue of limited annotated data by conducting
a thorough examination and survey of synthetic data generation techniques. Synthetic
data can be used to compensate for the lack of real-world annotated data, which can be
generated in a variety of ways (Figueira and Vaz 2022). If annotated synthetic data is
designed adeptly, it becomes a valuable resource for training robust ML models capable
of handling satellite image analysis's intricacies (Marcal, Rodrigues, and Cunha 2010). The
primary objective of this review is to provide a comprehensive understanding of synthetic
data generation techniques specifically tailored for satellite image analysis.

2. Background

As the name implies, RS is the process of collecting and analysing information about the
world and its objects from an instrument placed in Earth’s orbit without any physical
contact. This process is supported by specialized cameras, sensors, satellites in various
orbits, or Unmanned Aerial Vehicles (UAVs) such as drones (Baghdadi and Zribi 2016). The
RS technique is essential in studying and analysing various landscapes and terrains (Weiss,
Jacob, and Duveiller 2020), as it can provide a greater amount of land data than other
methods of data acquisition, such as field measurement and mapping, and because it is
situated far from the earth, it can cover a larger surface with fewer costs as well
(Muruganantham et al. 2022). Automatic computer vision methods are crucial to unlock-
ing the full potential of remote sensing images since the scale of our planet makes manual
analysis cost-prohibitive (Bastani et al. 2023).

Modern airborne sensors provide a large coverage of the Earth'’s surface with improved
spatial, spectral, and temporal resolutions (Aleissaee et al. 2023), thereby playing a crucial
role in different disciplines, including agriculture (Hazmy et al. 2024), water contamination
(Singh et al. 2023), natural resource management (Kala and Kumar 2021), land surveying
and analysis of the crust of the Earth (Tejado-Ramos et al. 2021).

Capturing images of the ground from RS can be accomplished with satellites or drones,
both of which have advantages and disadvantages depending on the application. The
advantages of the former seem to offset the disadvantages of the latter, and vice versa,
indicating that there is a great deal of synergy potential between the two sources of RS
data (Shao et al. 2021). Each platform is selected based on criteria such as spatial
resolution, coverage area, cost, accessibility, and flexibility. In terms of spatial resolution
and coverage area, satellites can capture images over larger areas and cover more terrain,
whereas UAVs can provide higher resolution by capturing fine details and small-scale
features due to their proximity to the ground (Figure 1). It is interesting to see the costs of
both tools since a satellite is indeed more expensive than a UAV, even though it is very
cost-effective for large-scale coverage, especially considering extensive areas as well.
However, drone imagery must be retrieved by a professional drone pilot, along with the
costs associated with data processing, making it unsuitable for covering large areas or
obtaining frequent data. As far as accessibility is concerned, satellite imagery is widely
available through a wide range of commercial and government agencies, which provide
global coverage and consistent data availability (Alvarez-Vanhard, Corpetti, and Houet
2021). The use of drones offers direct, on-demand data collection, allowing flexibility in
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(a) Satellite image - spatial resolution. (b) Drone image - spatial resolution.
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(c) Satellite and drone coverage comparison.

Figure 1. Comparison of satellite and drone imagery spatial resolution, along with coverage
comparison.

scheduling and targeting specific areas. Airspace regulations, regulations governing
drone operations, and logistical considerations must be considered when conducting
drone operations. Satellites provide a consistent approach to routine monitoring,
although orbit constraints limit the user’s ability to control imaging timing, whereas
drones provide exceptional flexibility in mission planning, permitting customization of
flight paths and sensor settings, but they have weather and regulatory constraints to
contend with. Drones also allow for the collection of images under clouds, whereas
satellite imagery is difficult to obtain in those conditions.

2.1. Satellite image segmentation

Segmenting satellite images is a way to simplify the analysis and understanding of the
images by creating multiple regions or segments. To enhance image quality and remove
noise, images, in general, are very often pre-processed before segmentation (He, Zheng,
and Sun 2016). After its preprocessing, there are several techniques to segment images
(thresholding, clustering, edge detec- tion, machine learning algorithms, graph-based
methods, among others (Rezaei and Asadi 2024)). As a direct and simple method, thresh-
olding relies solely on intensity values to separate objects from backgrounds. Clustering
involves grouping pixels into clusters based on similarity metrics. Edge detection can be
accomplished by identifying boundaries between different regions using techniques such
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Figure 2. Semantic segmentation example. In (a) - green corresponds to vegetation, black to
buildings, blue to water bodies, yellow to roads, and white to others. In (b) - orange corresponds to
impervious surfaces, black to buildings, blue to low vegetation, green to trees, yellow to cars, and red
to clutter (Liang and Seo 2022).

as Sobel, Prewitt, and Canny (Hazra et al. 2017). The automatic segmentation of satellite
images can be achieved through the application of machine learning algorithms, which
use supervised or unsupervised learning algorithms to automatically learn and segment
features in images (Tehrani, Santinelli, and Herrera Herrera 2021). As another method,
graph-based methods uti- lize techniques like minimum-cut to segment the image pixels
using nodes in a graph (Siriapisith, Kusakunniran, and Haddawy 2020).

There are two types of image segmentation, that include Semantic Segmentation and
Non-Semantic Segmentation. Semantic segmentation breaks the satellite image into class
labels for each pixel, such as people, buildings, vegetation, water, etc. (Figure 2). Pixel-by-
pixel segmentation of this type seeks to distinguish and identify various objects or areas.
Non-semantic involves grouping similar pixels or regions based on specific properties like
colour, texture, or intensity rather than applying specific semantic labels on them.
Although semantic segmentation can extract more information from images by effec-
tively identifying objects, it faces several challenges, including a lack of high-quality
annotated training datasets (Yeung et al. 2022; Yuan, Shi, and Gu 2021). To overcome
these challenges, DL models are needed that can either work with less training data or by
the generation of synthetic images for the training of the model, as identified by (Bagwari,
Kumar, and Singh Verma 2023). Manual segmentation of these images is also possible,
although it is a laborious and time-consuming process that can be surpassed by DL
methods (Khryashchev et al. 2018). Satellite image segmentation is a difficult challenge
because images have a high scale, and objects on satellite images are often very small but
densely grouped, which is justified by the satellite’s distance from the ground (Wu et al.
2019).
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2.2. Satellite image classification

As part of remote sensing and satellite image analysis, image classification and segmenta-
tion are closely related tasks. The process of segmentation focuses on dividing an image
into meaningful regions, whereas classification aims to categorize or label each of these
regions or the entire image based on their content and features. Image classification,
particularly object or region classification, is highly dependent on the segmentation
process, meaning that better segmentation leads to more accurate classification out-
comes. As a result of the large amount of information and the with-class variance
characteristics of these images, segmentation can be interesting since various geo-
objects, and even an identical geo-object, appear at multiple scales in satellite images
(L. Shen et al. 2017). Many studies have been conducted using multiple segments before
classification, also comparing the classification accuracy after selecting optimal segmen-
tation parameters (Haque, Al-Ramadan, and Johnson 2016). It is possible to perform pixel-
based image classification, but it has several limitations, including the fact that as spatial
resolution increases, single pixels cannot capture the characteristics of classification
targets, resulting in lower accuracies on very high-resolution images, which can be
improved by segmenting the image into meaningful parts before classification
(Kavzoglu, Yildiz Erdemir, and Tonbul 2017). The segmentation process can be considered
fundamental to provide important information and specific details of an image, to be able
to perform classification (Belgiu and Csillik 2018; Z. Chen et al. 2024; Deticio et al. 2023;
Kaur et al. 2024).

2.3. Synthetic image generation

As identified by previous research, synthetic image generation can be seen as a way to
improve model accuracy when predicting and segmenting satellite images indirectly by
adding new samples to the training data (Adedeji et al. 2022; Barthakur, Kumar Sarma, and
Mastorakis 2020; Illarionova et al. 2021; Yan et al. 2020). This process eliminates the need
to manually label satellite images since the label attribution takes into account previously
labelled images when synthetically generated. As such, the process of generating syn-
thetic images in this field must be studied, along with the respective methods to create
high-quality synthetic images.

There are several possible methods to generate synthetic images. The most common
are Generative Adversarial Networks (GANs), Variational Autoencoders and Diffusion
models. Essentially, these methods aim to learn a mapping from a simple distribution
(e.g. Gaussian noise) to a complex distribution of real images. During training, the model
learns to capture the details and variations present in real images, so it can generate
realistic and diverse synthetic images. The usual training process uses loss functions to
measure the difference between real and generated images.

Since their introduction in 2014 (Goodfellow et al. 2014), GANs have been a fast-
moving topic due to their ability to generate high-quality synthetic images. GANs are
based on two neural networks: a generator that learns to produce synthesis images and
a discriminator that estimates the probability that a sample came from the training data or
the generator model. By using adversarial training, where the networks compete against
each other, GANs can produce high-quality samples that closely mimic the distribution of
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training data. In the training process, the generator and discriminator are trained alter-
nately rather than against static adversaries. During generator training, the discriminator’s
weights remain fixed, and similarly, the generator’s weights are held constant while the
discriminator is being trained. The general pipeline of a GAN is demonstrated in Figure 3.

To reduce the need for labelled data and human supervision, unsupervised learning is
essential in ML. A GAN is an implicit generative model that generates samples directly
from a latent space rather than explicitly defining a probability distribution function
(Ruthotto and Haber 2021), which has been a common practice in traditional modelling
approaches. Due to their implicit modelling, GANs are capable of handling complex data
distributions, including high-resolution images, which traditional methods struggle to
capture accurately (Shi et al. 2023). As a result of the complex interplay between the
generator and discriminator networks, GANs pose unique challenges in training and
convergent learning (Y. Shen et al. 2018).

This methodology has proven particularly effective in producing realistic images, and it
has been applied to a wide range of domains beyond image generation, including
medical imaging (Nie et al. 2018), art (Shahriar 2022; A. Xue 2021), agriculture (Drees
et al. 2021; Espejo-Garcia et al. 2021), satellite imagery (Lltjens et al. 2023), and many
others (Sabubhi et al. 2021; Yinka-Banjo and Ugot 2020; Zhang et al. 2022). GANs can be
a solution for cloud removal in satellite imagery, as they are capable of simulating and
reconstructing regions of the image occluded by clouds. This process is a form of
inpainting, where missing or corrupted parts of an image are filled in with realistic
content, making GANs particularly effective for cloud occlusion correction
(Darbaghshahi, Reza Mohammadi, and Soryani 2022; Zheng, Liu, and Wang 2021).
Figure 4 shows how GANs can be effective in producing high-quality realistic images
and detecting changes.

As a physics and mathematics concept, diffusion processes describe how particles or
information are gradually spread through a system over time (Guidolin and Manfredi
2023). This concept was adapted to an image generation in 2015 (Sohl-Dickstein et al.
2015) although, at their first appearance, they did not reveal to be very effective. Later in
2020, they became state-of-the-art with Ho, Jain, and Abbeel (2020) proposal. In contrast

Real image samples
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Figure 3. GAN pipeline illustrating the interaction of the generator and discriminator during training.
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to traditional generative models, diffusion models incorporate noise gradually into data
through a Gaussian conditional parameterization (Equation 1: the forward process in
a diffusion model). The diffusion model introduces progressive coding, which facilitates
image encoding and decoding, providing insight into their inductive biases as well as
their potential as autoregressive models. Figure 5 illustrates an example of a diffusion
modelling process pipeline. In the forward diffusion stage, Gaussian noise is gradually
added (right to left) to the input data over several steps, and as part of the reverse
diffusion stage, a generative model is in charge of recovering the original input data (left
to right) from the diffused (noisy) data by gradually reversing the diffusion process
(Equation 2: the reverse process in a diffusion model).

q(X¢|Xe—1) == N(Xr; V11— Ber,Bfl) (1

Po(Xe—11Xt) = N (xe—1; lg(Xe, t), Zo(xt, 1)) 2)

Researchers have investigated several additions and enhancements to the initial
design, such as changes to the architecture (Dhariwal and Nichol 2021), training
methods (Rombach et al. 2022), and applications to a variety of fields outside image
synthesis (Guo et al. 2023; Huang et al. 2023; Zou, Myung Kim, and Kang 2023). As
a result of these initiatives, diffusion models are now a hot topic in generative
modelling research due to improvements in sample quality, training stability, and
scalability (D. Chen et al. 2024). They are now competitive alternatives to other state-
of-the-art generative models, like GANs (X. Chen et al. 2023; Xiao et al. 2024), due to
their capacity to capture complex data distributions and generate a variety of samples.
Diffusion model research promises to further enhance the field of generative model-
ling and open the door to new applications in image synthesis and other fields
(Croitoru et al. 2023).

Given the rapid evolution of these models and their increasing adoption in
a variety of domains, it is critical to conduct a systematic review of recent advances,
identify key trends, and highlight emerging issues. This article aims to fill that gap by
providing a thorough examination of synthetic image generation techniques in satel-
lite imagery.

The rest of the article is organized as follows: Section 4 presents the methodology used
in this review. Section 5 describes the selected studies along with a background of the
methods used. Section 6 presents a discussion and a table summarizing the described
studies and their particularities. Finally, Section 7 rounds up the article with the conclu-
sions extracted from this work.

‘h—)(xt|xtfl)

Figure 5. lllustration of forward (gg) and reverse (py) steps in the diffusion process.
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3. Related work

This article aims to advance the understanding of synthetic data generation for satellite
image analysis by providing a structured, up-to-date, and technically focused review that
fills critical gaps in the current literature. As such, the purpose of this section is to provide
a comprehensive understanding of existing related reviews, gaps in the literature, and
how the current review differs from the others.

Lalitha and Latha (2022) focused on data augmentation techniques using basic image
transformations such as flipping, rotating, and clipping, along with limited discussion of
more advanced generative approaches, including Variational Autoencoders (VAEs) and
GANSs. Regarding the more advanced generative methods, this review only presents one
study that involved the generation of synthetic images, using a CycleGAN. The review
primarily targeted generic augmentation strategies rather than synthetic image genera-
tion at scale.

Abady et al. (2022) provided a comprehensive overview of synthetic and manipulated
satellite image generation and detection. Their contribution covers a wide range of
satellite data types (e.g. EO, SAR, multispectral) and includes image generation methods
(GANs, VAEs) as well as forensic detection techniques. Nonetheless, the review does not
address diffusion models, and much of the research it does include predates the recent
wave of generative model advances.

Mansourifar et al. (2022) explored GAN-based techniques in satellite imaging,
categorizing applications into seven categories, including segmentation, image trans-
lation, cloud removal, and surveillance. The study provided insights into challenges
like occlusion, resolution limitations, and multimodal data handling. However, this
work focuses solely on GANs and does not address diffusion models or other recent
architectural innovations.

Hao et al. (2023) presented a structured review of data augmentation methods for
remote sensing target recognition, categorizing them as data-based or network-based.
While they include deep generative models (GANs, VAEs, and flow models), diffusion
models are not specifically addressed. Their review is conceptually organized, but it focuses
less on the technical and practical development of generative models in remote sensing.

In contrast, the current review presents a thorough and technically detailed
synthesis of synthetic image generation methods for remote sensing, guided by
PRISMA principles. It focuses on using GANs and diffusion models to create
synthetic terrain and scene-level imagery, rather than isolated object augmenta-
tion. This review assesses the impact of synthetic data on downstream tasks such
as classification and segmentation, highlighting potential performance improve-
ments where applicable. A key feature of this work is its emphasis on diffusion
models, which are largely absent or only briefly mentioned in previous reviews. It
also organizes reviewed methods according to architectural characteristics, task
specificity, and empirical performance across benchmark datasets. Beyond synth-
esis, this review identifies long-standing issues in the field, such as high spatial and
spectral variability, inconsistent resolutions, and semantic sparsity. It also highlights
a significant research gap: current generative models, including both GANs and
diffusion models, have limited ability to produce annotated satellite images from
structured prompts (for example, specific vegetation indices or carbon content).
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This issue has been identified as a key area for future research, emphasizing the
potential of prompt-based generation with automatic labelling to meet the grow-
ing demand for annotated datasets in remote sensing.

4. Methodology

This literature review follows the approach proposed by Materla, Cudney, and
Antony (2019) and Subhash and Cudney (2018). It consists of three phases: plan-
ning, operation (conducting), and dissemination (reporting). The planning phase
includes both defining the bibliography databases and selecting the query term.
This review was performed using four well-known databases: Scopus, Web of
Science (WoS), ACM, and IEEE Xplore. The definition and application of the string
query began in January 2024, but the query was run again in October 2024 to
include the most recent and relevant papers in this review. The query - ((‘satellite
image’ OR ‘satellite imagery’) AND generation AND synthetic) was applied in all the
databases to search for the specific terms in the abstract, title, and keywords. Only
articles and conference papers written in English were accepted, disregarding
review papers, and only studies published by or after 2019 were considered. The
query retrieved 160 studies on the Scopus database, 7 in ACM, 37 in IEEE Explore,
and 52 on WoS, which encompasses a total of 256 studies. First of all, the
existence of duplicated studies was checked, which resulted in the elimination of
53 papers (203 remaining). Based on the initial screening considering only the
articles’ abstract and title, 129 articles were further removed, as they did not match
the objective of this review because they did not approach synthetic image
generation methods (74 papers left). The full text of all the 74 considered papers
has been read to decide whether or not the papers meet the scope of this review.
To be admitted in this review, the papers needed to fulfil all the assessment
criteria questions:

(1) Is the mentioned dataset about satellite imagery?

(2) Does the research include image generation techniques?

(3) Does the research focus on image generation for creating new terrain samples
rather than solely objects?

(4) Is the image generation methodology rigorous and clearly described?

The first question aims at eliminating papers that did not consider evaluating their method in
a satellite imagery dataset. The subsequent question aims to eliminate papers that do not
include image-generation techniques in their methodology. The next question is to eliminate
papers that only consider object detection and generation based on satellite images instead
of terrain images. The last question is to eliminate papers that meet all the other criteria,
although the methodology is not well explained or reproducible. This selection process
resulted in a total of 16 relevant papers. In the selected studies, cross-referencing was
performed to also include studies that were considered relevant in these papers and could
match the topic of this review. Following this, 6 relevant studies were found in this process,
resulting in a total of 22 papers. Figure 6 shows a scheme that illustrates the article selection
process.
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Figure 6. Comprehensive review workflow detailing the planning, execution, and result communica-
tion phases for evaluating synthetic image generation in satellite imagery.

5. Advances in synthetic satellite image generation

This section describes selected studies’ findings to illustrate how image-generation
methods are being used in the satellite imagery field. From the 21 relevant studies, the
majority of the studies (16) reported the use of GANs to generate synthetic data, except
for three that used diffusion models. Demonstrating a range of innovative architectures
designed to tackle challenges such as data imbalance and the pressing need for high-
quality labelled datasets.

It should be noted that GANSs, in rigour, are not models, but rather a training technique
in which two networks, a generator, and a discriminator, compete against each other
mutually improving. While they all have the same basic idea, GANs differ in how they are
structured, the type of data they generate, and how stable or efficient their training is.
Some GANs are better at producing high-resolution images, while others are better at
handling multiple data sources or generating specific features. In satellite applications,
these variations enable researchers to select or modify the GAN type based on whether
they need to simulate textures, preserve geographic structures, or generate multi-spectral
images.

Abady et al. (2024) used CycleGAN (Jun-Yan et al. 2017) and Pix2Pix (Isola et al. 2017) to
perform multispectral transformations, such as seasonal and land-cover changes, while
employing a Gram Schmidt Adaptive (GSA) pansharpening step (Ko 1991) to enhance
spatial detail. Andrade and Fernandes (2022) utilized a Pix2Pix to create satellite-like
urban images from historical maps, combining outputs from urban and natural-specific
models to enhance realism. Shumilo et al. (2023) addressed class imbalance in crop
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classification by generating synthetic satellite images (using a Pix2Pix) paired with artifi-
cial ground truth masks, enhancing classification performance for minority crop types.
Shamsolmoali et al. (2021) used a domain adaptation GAN with feature pyramid networks
(Adelson et al. 1983) for road segmentation, achieving high accuracy even in complex
backgrounds. Hu et al. (2023) utilized GAN-assisted training with conditional SinGAN
(cSinGAN) and GeoPalette to generate diverse synthetic road networks for segmentation
tasks, reducing reliance on real data. Qing et al. (2023) proposed a dual distortion-
adaptive GAN (integrating Pix2Pix and CycleGAN models) for high-resolution Electro-
optical to Synthetic Aperture Radar (EO-SAR) translation, incorporating geometric correc-
tion modules to address nonlinear distortions. Mirzaei, Bagheri, and Khosravi (2023)
employed CTGANs to address class imbal- ances in agricultural datasets, improving
minority class accuracy while maintaining major class performance. Yates et al. (2022)
compared PGGAN (Karras et al. 2018), StyleGAN2 (Karras, Laine, et al. 2020), and
Conditional Coordinate GAN (CoCoGAN) for synthesizing aerial imagery, with StyleGAN2
outperforming the others in producing realistic outputs. Ghozatlou, Datcu, and Chapron
(2024) used StyleGAN2 with Adaptive Discriminator Augmentation (ADA) (Karras, Aittala,
et al. 2020) to produce high-fidelity SAR images with strong classification performance.
Anuradha et al. (2024) applied Deep Convolutional Generative Adversarial Networks
(DCGANSs) to generate agricultural field images, significantly improving yield prediction
accuracy. Gautam, Sit, and Demir (2022) used PGGAN to create high-resolution river
satellite imagery, refining details at increasing resolutions. Kostagiolas, Nicolaou, and
Panagakis (2022) used a wavelet-based GAN to synthesize satellite imagery guided by
semantic concepts like urbanization and vegetation growth, thereby improving data
quality and classification accuracy.

Diffusion models are gaining popularity as an alternative to GANs due to their ability to
produce high-quality images with precise semantic control. Graikos et al. (2024) used Self-
Supervised Learning (SSL) embeddings to guide LDMs (Rombach et al. 2022), resulting in
large, spatially consistent images from smaller patches while maintaining global coher-
ence. Shipard et al. (2023) used LDMs to generate diverse synthetic samples for zero-shot
classification tasks, demonstrating improvements in satellite image categorization.
Espinosa and Crowley (2023) used ControlNet to generate satellite images conditioned
on OpenStreetMap (OSM) data, which allowed for precise control over image synthesis.
May et al. (2023) used CLIP (Ramesh et al. 2022) trained on par- tially synthetic satellite
datasets for forensic analysis and manipulation detection. Shendy and Nalepa (2024)
showed that DALL-E 2 diffusion models can improve few-shot learning in satellite
image classification by augmenting datasets with synthetic imagery.

Super-resolution methods, while distinct from pure generative approaches, incor-
porate a generative process into their pipeline. Sebaq and ElHelw (2024) developed
RSDiff, a two-stage pipeline that refines low-resolution satellite images generated
from text prompts using a super-resolution diffusion model to produce semantically
accurate outputs. Zhao et al. (2023) developed SA- GAN, which uses second-order
attention mechanisms and region-aware strategies to generate high-resolution, arte-
fact-free images. Romero, Luis, and Vilaplana (2020) used an Enhanced Super-
Resolution GAN (ESRGAN) to upscale Sentinel-2 images to WorldView-level resolution
while maintaining spatial and spectral fidelity. Karwowska and Wierzbicki (2022) also
employed an ESRGAN-based approach for high-resolution image patch
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reconstruction, reducing artefacts during large-scale image synthesis. Pham and Bui
(2021) used SRGAN to improve Landsat imagery by integrating multispectral and
panchromatic bands, which resulted in visually sharp outputs validated by percep-
tion and classification metrics. These methods help generative models by ensuring
that synthetic satellite images have the spatial precision needed for demanding
applications.

6. Discussion

The previous section (Section 5) described all the studies selected for this review. For
comprehension, Table 1 presents general information about the datasets used in the
reviewed studies. The information includes the dataset’s name, the source of the images
(i.e. the sensor used to collect the images or the portal where they were collected), the
type of images used (e.g. RGB, NIR, Multispectral, etc.), the sensor’s resolution, the number
of images in the dataset, and a brief description.

Some of the works rely on private/custom datasets, which can be explained by the fact
that they rely on a specific application rather than comparing its methods to the state-of-
the-art. Furthermore, most works that use public datasets do not compare the perfor-
mance of their method to others because they use different datasets. This suggests the
need for more accessible standardized datasets in this field. As for the type of data used in
the studies, RGB imagery dominates, with multispectral and SAR (Synthetic Aperture
Radar) data appearing less frequently. Regarding the applications of the datasets, there
are various, such as road segmentation, seasonal transformations, EO-SAR translation, and
agricultural analysis. In terms of the size of the datasets, it varies widely, from small
datasets like the OPS-SAT Challenge (80 images) to massive datasets such as the
Chesapeake Land Cover dataset (667,000 patches). This variance showcases the diversity
in the scale of studies, from focused experiments to large-scale applications. Resolutions
are typically high for detailed tasks but vary depending on the type and purpose of the
study.

This review includes studies with distinct particularities and goals. While some studies
encompassed an entire pipeline of segmentation and classification, others performed
direct image classification, and others only presented an image generation method,
leaving classification to future research. As such, Table 2 provides a comparative overview
of various studies utilizing synthetic image generation techniques, highlighting the image
generation algorithm and the evaluation of the performance with and without augment-
ing the dataset. The results given in this table are based solely on the original papers, and
all effort was made to include as much available information as possible.

The selected studies employ a range of generative models, including GAN-based
architectures (DCGAN, Pix2Pix, StyleGAN2-ADA, Wavelet-GAN) and Diffusion Models
(DALL-E 2, CLIP, LDMs). The reviewed studies demonstrate the transformative power of
advanced ML techniques and synthetic image generation methods in satellite imagery
analysis. These studies evaluated a variety of GAN approaches, demonstrating their
efficacy in distinct scenarios. Diffusion models also provided interesting results, acting
as a promising solution when compared with GANs. Most of the studies used different
datasets to evaluate the effectiveness of their method, therefore it is not possible to
quantitatively compare their performance.
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Table 1. Summary of selected datasets used in recent studies on synthetic image generation in

Remote Sensing.

Number
Dataset Name Source Type of images Description Ref
W-S Set1 Sentinel-2, WorldView- RGB 32 large Super Resolution Romero, Luis, and
(Private) 2, WorldView-3 images Dataset Vilaplana (2020)
W-S Set2 Sentinel-2, WorldView- RGB 32 large Super Resolution Romero, Luis, and
(Private) 2, WorldView-3 images Dataset Vilaplana (2020)
DeepGlobe - RGB 9739 Road segmentation ~ Shamsolmoali et al.
(Public) tasks (2021)
Massachusetts - RGB 171 Road segmentation ~ Shamsolmoali et al.
(Public) tasks (2021)
EPFL (Public) Google Maps RGB 150 Road segmentation ~ Shamsolmoali et al.
tasks (2021)
EuroSat (Public) Sentinel-2 RGB, NIR 27000 Road segmentation ~ Pham and Bui (2021)
tasks
RESISC-70 Northwestern RGB 31500 NWPU RESISC45 Kostagiolas,
(Private) Polytechnical University variation Nicolaou, and
(NWPU) Panagakis (2022
RESISC-35 NWPU RGB 31500 NWPU RESISC45 Kostagiolas,
(Private) variation Nicolaou, and
Panagakis (2022)
RESISC-10 NWPU RGB 31500 NWPU RESISC45 Kostagiolas,
(Private) variation Nicolaou, and
Panagakis (2022)
AID (Public) Google Earth RGB 10000 30 scene classes Kostagiolas,
Nicolaou, and
Panagakis (2022)
UC-Merced United States Geological RGB 2100 21 scene classes Kostagiolas,
(Public) Survey (USGS) National Nicolaou, and
Map Panagakis (2022)
Dataset Google Earth RGB 1000 River imagery Gautam, Sit, and
A (Private) Demir (2022))
Dataset Google Earth RGB 11000 River imagery Gautam, Sit, and
B (Private) Demir (2022)
- (Private) Google Earth RGB - Historical cartographic Andrade and
documents and real Fernandes (2022)
images
INRIA (Public) National Map service RGB 180 tiles Building detection  Yates et al. (2022))
- (Private) World View 2 (WV2)  Multispectral 29500 LR Super Resolution Karwowska and
+ 29500 Dataset Wierzbicki (2022)
HR
Kyiv Region Sentinel-1, Sentinel-2 RGB, NIR 4250  Agricultural land in the Shumilo et al. (2023)
(Private) Kyiv region
DeepGlobe - RGB 9739 Road segmentation  Hu et al. (2023)
(Public) tasks
SAR20pt TerraSAR-X satellite and SAR, EO 724 pairs  High-resolution EO-  Qing et al. (2023)
(Public) Google Earth Engine SAR translation
Agricultural RapidEye and UAVSAR  RGB, NIR and - Class imbalance in  Mirzaei, Bagheri, and
(Private) RE agriculture Khosravi (2023)
EuroSat (Public) Sentinel-2 RGB, NIR 27000 Road segmentation  Shipard et al. (2023))
tasks
Mainland World Imagery RGB 94096 Convert Espinosa and
Scotland OpenStreetMap into its Crowley (2023)
(Private) satellite view
Central Belt World Imagery RGB 81834 Convert Espinosa and
(Private) OpenStreetMap into its Crowley (2023)
satellite view
Carvalho DSO-1  MapBox, Google Maps RGB 453000 Forensic research in  May et al. (2023))

(Public)

synthetic overhead
imagery

(Continued)
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Table 1. (Continued).

Number
Dataset Name Source Type of images Description Ref
- (Private) GF RGB, NIR 9246 Super Resolution Zhao et al. (2023))
image Dataset
pairs

Scandinavian Sentinel-2 RGB 9000 Seasonal Abady et al. (2024)
(Private) transformations

China (Private) Sentinel-2 RGB 8522 Seasonal Abady et al. (2024)

transformations

Chesapeake Landsat 8 RGB 667000 Land cover Graikos et al. (2024)
Land Cover patches identification
(Public)

TenGeoP- Sentinel-1A WV SAR 37560 Ocean SAR imagery  Ghozatlou, Datcu,
SARwv and Chapron
(Public) (2024)

RSI-CB256 - RGB 5631 Land cover Anuradha et al.
(Public) identification (2024)

RSICD (Public) Google Earth, Baidu RGB 10921  Remote sensing image Sebaq and ElHelw

Map, MapABC, Tianditu captioning task (2024)

OPS-SAT OPS-SAT CubeSat RGB 80 Land cover Shendy and Nalepa
Challenge Camera identification (2024)

(Public)

Segmentation and classification performance improvements by incorporating syn-
thetic samples are shown in Table 2. In studies that evaluated their method’s perfor-
mance using segmentation algorithms, there was a significant improvement in
segmentation performance (loU scores). ASNP (Shamsolmoali et al. 2021) increased
loU from 46.24 to 69.58 on the DeepGlobe dataset, 44.25 to 78.66 in the
Massachusetts Road dataset, and 48.53 to 81.68 in the EPFL Road segmentation.
U-Net enhanced loU from 64.1 to 66.2 for the Kyiv Region agricultural segmentation
dataset (Shumilo et al. 2023). This demonstrates GAN-based augmentation’s ability to
improve feature learning and generalization while reducing misclassification of small
or underrepresented regions.

Using augmented datasets can also improve classification algorithms, such as SWAGAN
(Kostagiolas, Nicolaou, and Panagakis 2022), which improved ResNet50 classification
performance from 0.827 to 0.842 in RESISC-70, 0.804 to 0.833 in RESISC-35, 0.776 to
0.808 in RESISC-10, 0.716 to 0.783 in AID dataset, and 0.776 to 0.816 in UC-Merced. In
Mirzaei, Bagheri, and Khosravi (2023) with CTGAN, XGBoost increased sensitivity from
0.895 to 0.956, while DCGAN improved CNN overall accuracy from 0.961 to 0.986 on the
RSI-CB256 dataset, with significant jumps in preci- sion (0.075) and recall (0.031), confirm-
ing that synthetic data enhances generalization. Using the diffusion model DALL-E 2
(Shendy and Nalepa 2024), the best classification algorithm improved its accuracy from
0.68 to 0.78 on the OPS-SAT challenge dataset.

The studies use a variety of evaluation metrics to assess image quality, segmentation
accuracy, and classification performance. FID (Fréchet Inception Distance) is the most
commonly used metric for assessing generative models, with lower FID scores indicating
higher synthetic image realism. When evaluating segmentation performance, it is impor-
tant to note that loU and Mean loU (mloU) are critical. Finally, in classification, accuracy is
the most popular metric.
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It is worth noting that all the publications considered for this review are very recent,
with just one publication in 2020 (Romero, Luis, and Vilaplana 2020), two in 2021 (Pham
and Bui 2021; Shamsolmoali et al. 2021), five more in 2022 (Andrade and Fernandes 2022;
Gautam, Sit, and Demir 2022; Karwowska and Wierzbicki 2022; Kostagiolas, Nicolaou, and
Panagakis 2022; Yates et al. 2022), eight in 2023 (Espinosa and Crowley 2023; Hu et al.
2023; May et al. 2023; Mirzaei, Bagheri, and Khosravi 2023; Qing et al. 2023; Shipard et al.
2023; Shumilo et al. 2023; Zhao et al. 2023) and six in 2024 (Abady et al. 2024; Anuradha
et al. 2024; Ghozatlou, Datcu, and Chapron 2024; Graikos et al. 2024; Sebaq and ElHelw
2024; Shendy and Nalepa 2024). It should be noted that this review only takes into
account studies available at the selected databases until October 2024, demonstrating
that the tendency over time is to increase the number of relevant new studies. This can be
justified by the dynamic nature of satellite imagery analysis and synthetic image genera-
tion research (Abady et al. 2022), which reflects ongoing efforts to harness the power of
advanced ML techniques to address real-world challenges and open up new opportu-
nities in RS and geospatial analysis (Glinka et al. 2023; Han et al. 2023).

It is consensual, among all the analysed studies, that synthetic image-generation
techniques for augmenting a dataset drastically improve the classification capability of
the models. It proves that generative methods are very effective in the generation of real-
quality images that can be confounded with real satellite images.

The goal of this investigation was to eliminate biases and preconceived ideas about the
applications and outcomes associated with mainstream imaging techniques. This new
perspective enabled us to evaluate the problem of synthetic data generation in satellite
imagery in its own technical terms, revealing several domain-specific challenges that set it
apart from typical computer vision tasks. Satellite imagery is distinguished by high spatial
and spectral variability, inconsistent resolutions due to varying orbital altitudes and
sensors, and temporal inconsistencies caused by seasonal or atmospheric fluctuations.
Furthermore, semantic sparsity — in which meaningful objects occupy only a small portion
of large image areas — complicates data generation. These factors limit the effectiveness
of unmodified standard GAN or diffusion models. The methods discussed in this article
address these issues using strategies such as domain adaptation, geospatial and temporal
conditioning, and architecture designs that are tailored to the complexities of remote
sensing data. This technical specificity emphasizes the importance of a focused review
separated from the general synthetic data generation literature.

A significant gap identified in this review is the lack of attention given to
specific prompt design, structure, and influence in synthetic satellite image gen-
eration. For instance, in Shipard et al. (2023), the authors describe the process in
which the prompt is encoded via CLIP into an intermediate representation that is
injected into the latent diffusion model’s denoising UNet through cross-attention,
guiding the transformation of Gaussian noise into a latent image that is finally
decoded into the final pixel-based output. In the proposed Bag of Tricks, prompts
like ‘a {domain} of a {class}’ were sufficient for generating diverse images in general
datasets like CIFAR, but generating realistic satellite images required more specific
and structured prompts such as ‘a satellite photo of a class in the style of
a {domain}, illustrating the added complexity and domain sensitivity involved in
prompt-based generation for remote sensing applications. Using only class names
as prompts led to confusion in datasets like CIFAR100. For example, ‘Apple’
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generated both fruit and tech logos, ‘Beetle’ insects and cars, and ‘Ray’ sunrays,
stingrays, and people. This emphasizes the need for more descriptive prompts,
especially in satellite datasets like EuroSAT, where additional context is required for
accurate image generation. These prompts are frequently fixed, shallow, or do not
account for domain-specific characteristics such as vegetation type, carbon con-
tent, or topography. This specific study demonstrate how synthetic image genera-
tion is different from general applications and should be investigated with more
caution and depth.

While much of the reviewed works focused on creating highly realistic images to
improve classification, several studies show that even synthetic images that deviate
from photorealism can result in significant performance gains. These studies show
that the value of synthetic data lies not only in its visual fidelity but also in the
variety of features it provides for training, even if those features are derived from
abstract or imaginative representations. This is especially relevant in cases like
satellite imagery, where capturing context is frequently more important than
achieving pixel-perfect realism. The Dreamer framework (Hafner et al. 2020) sup-
ports this viewpoint by demonstrating that agents can learn effective long-horizon
behaviours solely through latent imagination, thereby eliminating the need for full
image reconstruction. Extending on this, Dreaming (Okada and Taniguchi 2021)
works by removing the image decoder and replacing it with a contrastive InfoMax
objective, supporting the idea that useful representations for learning can emerge
without ever generating realistic images, and implying that similar abstraction-
based methods could benefit classification tasks based on synthetic data.
Comparably, G-SWM (Generative Structured World Models) (Lin et al. 2020) shows
that object-centric models can learn to simulate complex scenes with multimodal
uncertainty and situation awareness, achieving high performance even without
high-fidelity image outputs. This demonstrates how abstraction and imagination
can be more valuable than realism for some learning tasks.

The lack of standardized datasets and evaluation benchmarks makes it difficult
to directly compare and assess the effectiveness of various synthetic data genera-
tion methods over time. While Generative Adversarial Networks (GANs) are widely
used, they frequently experience training instability and mode collapse, limiting
their performance in complex domains such as satellite imagery. In contrast,
diffusion models have recently demonstrated more promising and consistent
results in producing high-quality images. However, one major gap remains: current
models’ limited ability to generate annotated satellite images based on structured
prompts. For example, producing an image with specific carbon content, vegeta-
tion density, or terrain inclination remains a significant challenge. To address this
limitation, further integration of prompt-based generation with automatic labelling
capabilities is required. Diffusion models and autoencoders appear to be more
adaptable to prompt-driven generation than GANs, but more research is needed
to determine their efficacy in this context. Future research should prioritize the
creation of universal benchmark datasets and evaluation metrics to allow for fair
comparisons and to support more robust and scalable synthetic satellite image
generation solutions.
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7. Conclusion

Synthetic image generation techniques, as demonstrated in the studies reviewed, are an
effective tool for reducing data scarcity while increasing the diversity of satellite image
datasets. The reviewed studies show that generative models, particularly GANs and
diffusion models, significantly improve training datasets by producing high-quality syn-
thetic images that closely resemble real-world images. These techniques not only increase
dataset diversity but also improve the robustness and generalization capabilities of ML
models.

The studies analysed highlight that GAN-based architectures, including DCGAN,
Pix2Pix, StyleGAN2-ADA, and Wavelet-GAN, have been widely adopted for synthetic
image generation in various remote sensing applications. The effectiveness of diffusion
models, such as Latent Diffusion Models (LDMs) and ControlNet, is also evident in their
ability to produce high-resolution, semantically accurate synthetic images. These
advancements make a significant contribution to the fields of environmental monitoring,
land cover classification, and spatial analysis.

Despite these positive developments, several challenges remain. The lack of standar-
dized datasets, as well as the limited benchmarking of different generative models, make
quantitative comparisons between studies difficult. Furthermore, while synthetic image
generation improves segmentation and classification tasks, more research is required to
determine the long-term impact of synthetic augmentation on DL model performance.
Future research should concentrate on developing more comprehensive evaluation
metrics for synthetic image quality, encouraging the use of open-access datasets for
benchmarking, and integrating interdisciplinary approaches to fully realize the potential
of generative techniques in satellite imagery. Finally, incorporating generative models
into remote sensing workflows has the potential to transform how we approach data
scarcity, improve classification performance, and open up new avenues for geospatial
research.
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