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Abstract: Research on transformers in remote sensing (RS), which started to increase after 2021, is
facing the problem of a relative lack of review. To understand the trends of transformers in RS, we
undertook a quantitative analysis of the major research on transformers over the past two years by
dividing the application of transformers into eight domains: land use/land cover (LULC) classifica-
tion, segmentation, fusion, change detection, object detection, object recognition, registration, and
others. Quantitative results show that transformers achieve a higher accuracy in LULC classification
and fusion, with more stable performance in segmentation and object detection. Combining the
analysis results on LULC classification and segmentation, we have found that transformers need
more parameters than convolutional neural networks (CNNs). Additionally, further research is also
needed regarding inference speed to improve transformers’ performance. It was determined that the
most common application scenes for transformers in our database are urban, farmland, and water
bodies. We also found that transformers are employed in the natural sciences such as agriculture and
environmental protection rather than the humanities or economics. Finally, this work summarizes the
analysis results of transformers in remote sensing obtained during the research process and provides
a perspective on future directions of development.

Keywords: deep learning; convolutional neural network; recurrent neural networks (RNNs);
segmentation; classification; change detection; time series; image fusion; object detection

1. Introduction

Since 2014, advances in deep learning (DL) have led to the development of many
new remote sensing (RS) image-processing techniques [1]. Convolutional neural networks
(CNNs), which have been popular in computer vision (CV), have now become a popular
method for RS image-processing tasks like image classification and semantic segmentation.
However, when extracting features, the convolutional layer of CNNs is limited to local
pixel operations and lacks consideration of global information. This localized constraint
often leads to suboptimal solutions in image processing, making it challenging to model
global relationships. With the recent popularity of transformers in the field of natural
language processing (NLP), this architecture started to be applied to CV. Transformers
with global modeling capabilities seem to be the way to address the limitations of CNNs.
Major advances were achieved for different tasks, including image recognition [2], object
detection [3], and semantic segmentation [4].

Sensors 2024, 24, 3495. https://doi.org/10.3390/s24113495 https://www.mdpi.com/journal/sensors

https://doi.org/10.3390/s24113495
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sensors
https://www.mdpi.com
https://orcid.org/0009-0004-6557-7836
https://orcid.org/0000-0002-8331-7200
https://orcid.org/0000-0003-1911-3585
https://doi.org/10.3390/s24113495
https://www.mdpi.com/journal/sensors
https://www.mdpi.com/article/10.3390/s24113495?type=check_update&version=1


Sensors 2024, 24, 3495 2 of 23

The RS field has also witnessed the performance of transformers in RS image pro-
cessing [5]. However, due to various factors, including the greater number of parameters
in remote sensing images compared to natural images [6] and the limited availability of
such imagery, research on transformers in RS remains relatively nascent. There are three
extant reviews related to the topic, with two focusing more generally on deep learning in
RS [7,8] and providing only brief overviews of transformers in RS, and the last, by Aleissaee
et al. [9], focusing on RS image types (e.g., hyperspectral imagery, synthetic aperture radar
imagery). Based on their review, they discussed the strengths and weaknesses of CNNs
and transformers for these different RS image types. However, we believe that the types of
processing tasks used in RS are also highly diverse, and thus the relative performance of
transformers may vary for these different tasks. Therefore, it is also necessary to analyze
the existing research on transformers in RS from the perspective of tasks.

In this work, through a systematic review of the literature, we explored the strengths
and weaknesses of transformers for different RS processing tasks. For this, we developed a
database of the literature relating to the usage of transformers for RS image analysis tasks
and categorized the data into eight RS image-processing tasks: land use/land cover (LULC)
classification, segmentation, fusion, change detection, object detection, object recognition,
registration, and “other”. Figure 1 illustrates the outline of this study.
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2. The Development of Transformers in Image Analysis
2.1. The Technology of Transformers

The transformer model was initially proposed by the Google team in 2017 and was
first employed for machine translation [10], pioneering the attention mechanism to achieve
efficient parallel computation. Before transformers, recurrent neural networks (RNNs)
were the preferred architecture for processing sequential data. However, RNNs suffer from
the issues of forgetting information over time and relatively slow sequential information
processing when dealing with lengthy sequences.

The self-attention mechanism serves as the core of the transformer model. It adeptly
captures contextual information for each element within the input sequence, thereby effec-
tively modeling long-range dependencies inherent in the sequence. The standard trans-
former model comprises four modules: input, output, encoder, and decoder. The encoder
and decoder are utilized to map the input and output sequences into high-dimensional
spaces, respectively. This is where self-attention mechanisms are computed. The encoder
consists of multiple layers with identical structures stacked on top of each other. Each
layer comprises a multi-head self-attention mechanism and a feed-forward neural network.
Similarly structured as the encoder, the decoder incorporates a self-attention mechanism
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in each layer based on the output from the encoder. This enables the decoder to focus on
global information generated by the encoder for more precise predictions.

Transformers have been found to help overcome the challenges of RNNs and can
achieve a higher accuracy than RNNs on extensive datasets, but they tend to overfit on
smaller or less diverse datasets [11].

2.2. The Development of Transformers in CV

Transformer-based models have demonstrated a high effectiveness across various
NLP tasks and can be easily adapted to new ones [12]. For example, transformers have
demonstrated robust modeling capabilities in CV. Since the introduction of the method of
combining an attention mechanism with convolutional neural networks (CNNs) by Woo
et al. [13], significant advancements have been made in CV. The evolution of transformers
in CV has progressed from attention-enhanced CNNs to vision transformer [3] and further
to swin transformer [14], as is shown in Figure 2. Furthermore, recent years have witnessed
extensive research on large transformer-based models. However, their infrastructure did
not change much. Transformers for remote sensing (RS) image analysis, a closely related
field to CV, follow a similar developmental trajectory, albeit with a slight lag.
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2.3. The Development of Transformers in RS

Inspired by advances in CV, RS has also undergone an exploration from CNNs to
transformers. CNNs are still widely used as common deep learning architectures in remote
sensing image processing. However, the convolution filter size of CNNs limits long-range
relationship modeling and further, the performance. To expand the receptive field (which
refers to the input region that the neurons of each convolutional layer in a CNN perceive),
researchers deepened the network to extract high-level features by multilayer convolution.
Each convolution operation throws away some information. Researchers hope that the
discarded information is entirely devoid of value. However, it has been found that not
all of it lacks usefulness. Therefore, as the network deepens, some useful information
will be lost, and the computational complexity will increase. With the advancement of
deep learning techniques, dilated convolution [15], spatial pyramid pooling (SPP) [16],
the pyramid pooling module (PPM) [17], atrous spatial pyramid pooling (ASPP) [18], and
receptive field block (RFB) [19] have been proposed one after another, but the limitations of
CNNs have still not been completely solved.

Transformers have demonstrated their ability to alleviate the limitations of CNN
architectures in RS, particularly through their global-context modeling capabilities. Con-
sequently, researchers have leveraged the strength of transformers in combination with
CNNs for capturing global and local relationships, respectively. In our study, we have
summarized five primary approaches that combine the two architectures: (1) the refer-
ence framework design [20]; (2) knowledge distillation, with a limited application; (3)
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series–parallel-splicing-based integration [21]; (4) local substitution-based fusion [22]; (5)
multi-level hybridization [23].

While the combination of transformers with CNNs is commonly employed in current
RS research, there have also been studies showcasing the advancements of approaches
based on pure transformers [24]. Considering the current proliferation of diverse large-
scale models based on pure transformers, it is plausible that pure transformer-based neural
networks may emerge as a future trend.

3. Methods and Data
3.1. Data Collection

A systematic literature search was conducted using the Web of Science (WOS) database,
which contains papers published in many different international RS journals. We conducted
a title/keyword/abstract search using the query ‘“Remote sensing” & “Deep learning”
& “Transformer”’, limiting the search results to journal articles and conference papers
published between 1 January 2021 and 13 May 2023. A total of 376 publications were
retrieved from the query. After an initial screening of the title and abstracts of the retrieved
papers (excluding publications unrelated to image processing and some reviews), 237 were
identified as relevant to the application of transformers in RS. These remaining publications
were included for subsequent analysis.

3.2. Data

For the quantitative analysis of transformer-based RS image analysis, a database with
20 fields was constructed based on the 237 articles retrieved from WOS (Appendix A). In
addition to general literature identification fields (e.g., journal name, authors, etc.), this
database also contained various types of quantitative and qualitative information related
to the data and processing tasks used in each paper, including the spatial resolution of the
imagery used, training sample size, number of model parameters, and model accuracy
(Table 1). From this database, we analyzed the characteristics of the existing research on
transformers in RS.

Table 1. Checklist of items used when constructing analysis database for transformers in remote
sensing.

Index Fields Definition Type Categories

1 Title Title of publication Free text

2 Authors Author Free text

3 Year Publication year Free text 2021; 2022; 2023

4 Publication type Type of publications Classes Journal Article; Conference Paper

5 Citations No. of citations by other publications Numeric

6 Image resolution The ground range for a pixel Numeric

7 Training sample Proportion of training data to all data Numeric

8 Patch size Size of the image when entering the network Numeric

9 Site type Type of study area or target Classes Urban; Wetland; Farmland; Woodland; Water bodies; Others

10 Task Tasks in remote sensing Classes LULC Classification; Segmentation; Fusion; Change Detection;
Object Detection; Object Recognition; Registration; Others

11 Evaluation
criteria Accuracy assessment index Classes OA; F1-score; RMSE; IoU; QNR; mAP

12 Accuracy value Best accuracy value Numeric

13 Class number Number of classes Numeric

14 Processing unit Basis of the classifier Classes Pixel; Object; Scene

15 Pre-processing Methods of pre-processing data Free text

16 Parameters Number of parameters in model Numeric

17 FLOPs Number of calculations required by model Numeric

18 Inference speed Number of images that can be processed per second Numeric
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As mentioned in the introduction, for our quantitative analysis, we categorized the col-
lected data into eight RS image-processing tasks: land use/land cover (LULC) classification,
segmentation, fusion, change detection, object detection, object recognition, registration,
and “other”. In LULC classification, images are classified into different land use types,
such as urban, forest, etc. In segmentation, geo-objects in RS images are segmented into
individual parts for the better analysis and understanding of their properties and variations.
In fusion, multi-source remote sensing data are merged into a unified image in order to
better extract the information and features of objects. In change detection, the change in
geo-objects is detected to analyze and understand the change trend and influencing factors
of ground objects. In object detection, specific objects such as vehicles, buildings, etc., are
detected in RS images for tracking and analysis. In object recognition, objects are further
classified into predefined categories. In registration, different remote sensing images are
registered for downstream tasks.

Then, we calculated the relative performance of transformers as compared with other
state-of-the-art methods for each of these tasks, based on the results reported in the litera-
ture. It is worth noting that, during the analysis, some of the studies in the database failed to
provide information for all fields in Table 1. Hence, in alignment with the specific research
objectives, only relevant case studies that expound on the corresponding uncertainties
were taken into consideration during our statistical analyses. Therefore, the number of
experimental case studies that were used for statistical analyses was, in fact, less than 237.

4. Results of Quantitative Analysis
4.1. General Statistical Results

Before moving to the results of transformers in RS, we first looked at the general
trends in the number of papers published on transformers in RS and other research fields
(Figure 3a), to understand the rate of progress. From this, we found that the number of
papers on transformers is increasing at a rapid rate, both in the field of RS and in general.
For example, from 2016–2019, only one conference paper was published on transformers
in the field of RS (and no journal articles), but from 2020–2022 (the last year for which we
could analyze a full year of papers), the number of conference papers increased from 1 to
22 and the number of journal papers increased from 5 to 192.
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Next, considering the 237 papers used for our analysis, we found that 90% (n = 214)
were journal articles, and the remainder were conference papers (we excluded book chapters
and other types of publications from our search). The articles on transformers spanned
35 journals, and 91% (n = 195) of the articles were found in 16 journals, detailed in Figure 3b.

By analyzing the utilization of data in publications, our database came to involve six
types of RS data: multispectral images (MSIs) (the spectral resolution is in the range of
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λ/10), hyperspectral images (HSIs) (the spectral resolution is in the range of λ/100), very
high-resolution (VHR) images (lack of near-infrared band compared to MSIs), synthetic
aperture radar (SAR) images, light detection and ranging (LiDAR), and near-/mid-infrared
ray (IR) images, as shown in Figure 4. Among them, the most frequently used is the VHR
image (Figure 5a), which is obtained from satellites and aerial imagery datasets, as well
as unmanned aerial vehicle (UAV) imagery datasets. In contrast, other types of data are
mostly obtained from various satellite platforms, such as Landsat, Sentinel, and GaoFen.
Due to the lower cost and easier access, the RS data of Landsat and Sentinel are most
frequently used, in addition to the widely used datasets. HSI images are often used for
LULC classification, while SAR images and IR images are often used for object detection.
There are also digital elevation models (DEMs), meteorological data, crop yield data, etc.,
which are used in RS.
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Figure 5b,c show the relative distribution of the tasks transformers were used for in
the RS literature. LULC classification was the most researched task among all publications,
while registration is relatively less researched with only two publications in the database.
“Other” consisted of various tasks, including spectral reconstruction, RS image captioning,
image text retrieval, and RS image denoising, but they were difficult to categorize into these
tasks, so we combined them into a single category. Figure 5b,c illustrate the distribution
of publications.

The relative performance of transformer-based methods in each task was next quanti-
tatively investigated. CNN, which widely appeared in comparison methods, was selected
as the benchmark for this comparison, to calculate the improvement (percentage) by
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transformer-based methods, as shown in Figure 6. We found that transformer-based meth-
ods have a higher accuracy in fusion and LULC classification tasks, and exhibited a more
stable performance (the accuracy distribution is more concentrated) in segmentation and
object detection. This stability suggests that the results obtained using transformers for
these two tasks can be somewhat anticipated.
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4.2. Statistical Results in Tasks

We chose different evaluation matrices for assessing the accuracy of the transformer
and CNN models for different tasks and presented them separately in this subsection. Due
to a lack of data, our quantitative analysis did not go into a detailed analysis of every
task’s impact. Additionally, the evaluation matrices of deep learning models vary across
certain tasks, such as object recognition and registration. Therefore, the statistical results
we present do not comprehensively cover all records. In this subsection, we present the
results on fusion, segmentation, LULC classification, change detection, and object detection,
as depicted in Figures 7–11.
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4.2.1. Fusion

Figure 7 displays results obtained by analyzing the 14 publications relating to the
fusion task. Different from other tasks, the quality with no reference (QNR) and root mean
square error (RMSE) are primarily utilized to measure the performance of the models. The
QNR is mainly used for panchromatic image sharpening, while the RMSE is utilized for
multi-source data fusion. As illustrated in Figure 7, transformers produce higher QNR
values for pansharpening compared to alternative methods but result in lower RMSE
values for multi-source data fusion. Therefore, it can be inferred that transformers exhibit a
significant advantage over alternative architectures in fusion tasks, as evidenced by the
scarcity of points along the diagonal line (Figure 7a,b).

4.2.2. Segmentation

Figure 8 displays the results obtained by analyzing the 33 publications relating to
segmentation. In segmenting RS images, it is observed that CNN-based methods are
more frequently employed than attention-based methods. This observation indicates the
irreplaceable role of CNNs in segmentation tasks. In detail, the unique advantages of CNNs
in the field of image processing are locality and translation equivariance [25]. Subsequently,
the accuracy of various methods was assessed in Figure 8b. Compared to other methods,
attention-based and transformer-based methods have higher median values and a reduced
variance, which demonstrate superior segmentation accuracy and stability.

4.2.3. LULC Classification

Figure 9 displays the results obtained by analyzing the 47 publications relating to
LULC classification. Transformer-based methods had a higher average accuracy and lower
mean square error, as shown in Figure 9b. Scatter points representing traditional methods
are closer to the upper left in Figure 9a, indicating that the traditional methods perform
worse in this task. In contrast, points representing attention are closer to the upper right,
which demonstrates the better performance of the attention mechanism. The median OA
of attention is also higher than the others, as shown in Figure 9b. Although it is a result of
fewer records and higher scores for this method, these figures reflect advancements made
by the attention mechanism (including transformer-based methods).

4.2.4. Change Detection

Figure 10 displays the results obtained from analyzing the 44 publications classified
as change detection. As demonstrated by empirical studies, CNNs have been extensively
employed in change detection tasks [26]. Therefore, we compared the OA in Figure 10a
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and F1-score in Figure 10b. The scatterplot reveals that attention-based methods exhibit
a closer alignment with the diagonal line than CNNs do. This proximity indicates that
the performance of attention-based methods is closer to transformer-based methods, since
attention mechanisms imitate human attention and generate more discriminative features.
So, attention mechanism can enhance the effectiveness of the network when compared
with CNNs [27].

4.2.5. Object Detection

Figure 11 displays the results obtained by analyzing the 29 publications relating to
object detection. In object detection, CNN-based methods have emerged as dominant, par-
ticularly the YOLO family based on CNNs [28]. Therefore, our statistical analysis primarily
compares transformers with CNNs. As demonstrated in the scatterplot, a consistently
higher accuracy is exhibited by transformer-based methods across all results. However,
due to the extensive research maturity associated with CNNs in object detection, several
CNN-based methods closely approach the mean average precision (mAP) achieved by
transformer-based methods.

Transformer-based methods also outperform other methods in other tasks, and more
analysis will be given in the next section.

5. A Systematic Review of Transformers in Remote Sensing Image Analysis
5.1. Fusion

The fusion task typically consists of two sub-tasks: pansharpening and multi-source
information fusion. The objective of pansharpening is to enhance the spatial resolution
of multispectral images, while multi-source information fusion aims to integrate remote
sensing data from diverse sources to improve the accuracy of downstream tasks. We further
categorize multi-source information fusion into distinct forms of data fusion: (1) fusion of
RS imagery, observational data, and textual information; (2) fusion of RS imagery from
different sensors, such as hyperspectral and SAR images.

Pansharpening refers to obtaining high-resolution multispectral images by fusing
panchromatic images and low-resolution multispectral images [29]. In recent years, CNN-
based pansharpening methods have exhibited significant advantages over traditional
methods. However, both CNN-based and traditional methods tend to treat the two types of
data independently and overlook the relationship between multispectral and panchromatic
images. Therefore, the performance of the model was limited. Besides connections between
two RS images, it is common for objects within a single RS image to exhibit self-similarity.
This means that in different locations of the image, there are similar textures and features.
This self-similarity allows similar objects to mutually enhance information during the
resolution enhancement process. Transformers facilitate information complementation
more effectively compared to CNNs [30]. Therefore, Hou et al. devised an ST-based residual
self-attention module (STRA), which effectively integrates the advantageous features of
the swin transformer and residual neural networks to exploit the inherent self-similarity
present in RS images [31].

In multi-source information fusion, the fusion of RS images and observational data for
time series analysis has emerged as a prominent research area, particularly for tasks like
phenology extraction from multimodal sequence data [32]. Transformers have been proven
to be advantageous in processing multimodal and sequential data. Therefore, researchers
have started employing transformers to address challenges in the fusion of multimodal RS
data. For example, Maillet et al. employed transformers to extract features from satellite
image raster data and map-matched weather observations [33]. Then they integrated
features over a temporal span to facilitate the prediction of crop diseases. Similarly, Liu et al.
utilized a transformer architecture to effectively fuse environmental data (temperature, solar
radiation, and precipitation) with time series RS data (the normalized difference vegetation
index (NDVI), enhanced vegetation index (EVI), etc.) to achieve accurate long-term crop
yield forecasting [34].
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Transformers have also been employed for fusing RS images obtained from diverse
sensors. Li et al. utilized transformers to process moderate-resolution imaging spectro-
radiometer (MODIS) data [35], which has a high temporal resolution but limited spatial
resolution. They integrated MODIS data with the high-spatial-resolution imagery captured
by the LandSat 7 & 8 satellites to achieve a superior-spatiotemporal-resolution composite
image. Transformers exhibit advantages in multi-source information fusion due to their
inherent mechanism of transforming multi-source data into one-dimensional tokens. This
mechanism can bridge the gap between different modalities. However, there is still a chal-
lenge when fusing RS images with environmental information: the scarcity of RS images
that possess both high temporal and spatial resolutions. To address this issue, we propose
leveraging fused high-spatiotemporal-resolution images obtained from different sensors.
Subsequently, fused images can be integrated with environmental information to improve
the accuracy of downstream tasks. In conclusion, we anticipate more transformer-based
studies focusing on multi-source RS information fusion.

5.2. Registration

The accuracy of RS image registration significantly impacts the performance of down-
stream tasks. Despite the commendable performance of CNNs in image registration, certain
challenges remain unresolved. Specifically, CNNs struggle to detect features in regions
with weak textures within an image. Considering this situation, Yao et al. proposed a
perspective-invariant local feature transformer (PILFT) [36]. PILFT combines perspective-
invariant correction, CNNs, and attention mechanisms. This novel approach is particularly
suitable for images with weak textures and substantial viewpoint changes. Therefore, it
has become a valuable complementary method for complex stereo scene matching.

Different from optical images, SAR images pose challenges in accurate annotation
due to the presence of speckle noise. Moreover, most DL-based studies on SAR image
registration typically focus on small fixed-size patches. These studies may not directly
address the matching requirements of wide-strip SAR images. To address this issue, Fan
et al. proposed a precise registration method for large-scale SAR images [37]. The method
utilizes transformers to handle weak textures during image alignment. The Oriented FAST
and Rotated BRIEF operator (ORB) and the Grid-based Motion Statistics method (GMS) are
effectively combined to achieve efficient and accurate results.

5.3. Segmentation

For dense prediction tasks, researchers have proposed the pyramid vision transformer
(PvT) and convolutional vision transformer (CvT) as enhancements to the vision trans-
former (ViT) model. However, there are still challenges when dealing with complex tasks.
In RS image segmentation, there exist several crucial issues: (1) insufficient accuracy in
segmenting results and incomplete edge structures; and (2) false alarms and missed pixels
caused by environmental noise interference.

In the process of improving edge segmentation accuracy, the fusion of high-resolution
features can preserve more complete details of structures and edges. Therefore, it proves
advantageous in recovering edge information. For example, Li et al. employed a multi-
layer transformer and multi-layer perceptron to integrate features across various scales [38].
Specifically, the multi-layer transformer enhances edge segmentation accuracy through
position encoding, while the multi-layer perceptron exhibits increased robustness. This
method mitigates the influence of mountainous terrain on built dense areas. Researchers
also widely employ edge-guided modeling techniques to enhance edge segmentation
outcomes. Xu et al. proposed explicit and implicit edge enhancement transformer models
to address the challenges of segmenting object boundaries [39].

To reduce false alarms and missed pixels, researchers have employed transformer-
based methods to integrate high-level features with low-level features [40]. Additionally,
Wang et al. proposed a coupling structure within CCTNet to correct misclassified re-
gions [41]. This architecture simultaneously utilizes local details extracted by CNNs and
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global information obtained through transformers, followed by a post-processing method
for rectifying misclassified pixels.

5.4. LULC Classification

By investigating publications relating to LULC classification, we found that researchers
focused their attention on addressing the primary issue of scarce annotated training sam-
ple data. Various strategies have been proposed to tackle this problem: (1) utilizing
existing large-scale datasets for transfer learning (fine-tuning an unsupervised or self-
supervised pre-trained model using labeled data); and (2) augmenting the dataset with
generated samples.

For transfer learning, He et al. proposed a method for hyperspectral RS image classifi-
cation that extracts spectral and spatial features [42]. To address the issue of limited data,
they employed VGGNet pre-trained on a large-scale dataset as the initial weight for the
spatial feature branch. Meanwhile, Yuan et al. utilized extensive unlabeled datasets for
self-supervised pre-training [43]. The findings indicate that deep neural networks with
high complexity tend to exhibit overfitting and an unstable performance in the absence of
labeled samples. Pre-training significantly enhances the performance of transformers com-
pared to other architectures. Similarly, Yuan et al. adopted a comparable self-supervised
pre-training method [44]. And they demonstrated its effectiveness across diverse datasets.
Consequently, transfer learning plays a crucial role in advancing transformers.

For data augmentation, various methods have been employed in other studies to
generate reliable virtual samples. Newly generated virtual samples have been combined
with original samples to form stacked samples [20]. Jamali et al. proposed a 3D generative
adversarial network (GAN) to stimulate and increase the number of training data [45].
Certain studies utilize synthetic data as an unsupervised pre-training dataset and subse-
quently transfer the pre-trained model to address the issue of limited labeled samples [46].
Additionally, Bai et al. successfully achieved few-shot learning for image classification
without relying on external datasets [47]. They employed a hybrid architecture of a GAN
and transformer encoder, resulting in remarkable accuracy across various datasets.

5.5. Change Detection

Current RS change detection approaches face several challenges, including (1) an
extreme imbalance between changed and unchanged classes; (2) difficulty in detecting
small object changes; and (3) the uneven edges of change regions.

Researchers have proposed various approaches to mitigate the impact of sample
imbalance, such as the data balance loss function introduced by Cheng et al. [48]. Addition-
ally, incorporating semantic and pixel-level information into the loss function is another
way to address this problem. To tackle the issue of small object change detection, Zhao
et al. proposed a novel method that integrates multi-head self-attention for computational
efficiency optimization [49]. The method incorporates skip connections to enhance the
classifier’s ability to detect small objects. For poor edge segmentation in changed regions,
Pang et al. proposed a coordinate attention mechanism [50]. It captures cross-channel
information, while incorporating direction-aware and position-sensitive features. This
lightweight model enables a more precise localization and identification of target areas.
Moreover, Xia et al. proposed a CNN/transformer hybrid model with an edge detection
branch [51]. This branch aims to leverage object edges for guiding mask features, thereby
improving prediction accuracy for changing region edges. Chen et al. introduced an edge-
aware module into EDGE-Net that combines with multi-level transformer architecture to
refine features [52].

Furthermore, models based on CNNs and self-attention often overlook the temporal
dependencies among features, resulting in “pseudo-change” in complex scenes. To address
this issue, transformers were employed to construct tokens representing change intensity
and facilitate the interaction of temporal information [53].
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In change detection, numerous studies have focused on CNN/transformer hybrid
models. For instance, Zhang et al. extensively integrated the distinctive advantages
of CNNs and transformers to enhance global representation [54]. A context attention
module was constructed using convolutional layers and self-attention mechanisms. In
this study, transformers were employed for dual-temporal long-distance context modeling.
Additionally, there exist change detection methods solely based on pure transformers,
such as CDFormer, proposed by Ding et al. [55], and SwinSUNet, proposed by Zhang
et al. [24]. Experimental results from SwinSUNet demonstrated that the inductive bias of
CNNs can be partially transferred to transformers. Transformers can focus more attentively
on local features.

5.6. Object Detection

Compared to natural images, RS images often exhibit densely distributed objects, and
there exists a significant semantic relationship among these objects. For example, ships
appear in formation, and oil tanks tend to be spatially proximate to ports [56]. Investigat-
ing these semantic correlations is currently the focal point of the existing research. The
self-attention mechanism in transformers emulates human visual characteristics, so inter-
pretable semantic information can be extracted from feature maps. In contrast, traditional
CNN-based object detection methods primarily use the probability of proposal regions
and anchor boxes to detect objects. To assess the advantages of transformers in object
detection, Detection Transformer (DETR) was proposed as an end-to-end solution [57].
Unlike CNN-based methods, DETR adopts a two-step process involving initial global
scanning, followed by the refinement of region proposals to detect targets. It is a logic akin
to human behavior when locating objects on a map. DETR has achieved a state-of-the-art
mean average precision (mAP) on the COCO dataset. However, no application of DETR in
RS has been identified thus far. Hence, we anticipate similar research within this area.

Detecting multi-scale objects in RS images poses a challenging task. Gong et al. com-
bined transformers with YOLO, a CNN-based deep network, aiming to improve object
detection results at different scales [58]. They leveraged the global-modeling capabilities of
transformers in the neck of the YOLO framework. Among all multi-scale objects, detect-
ing small objects is particularly difficult. To address this issue, researchers have started
considering incorporating a multi-scale transformer module following a feature extraction
network [59]. The module can enhance the feature extraction ability of the whole model for
small objects.

5.7. Object Recognition

Object recognition involves classifying objects based on object detection results. Among
the research we have investigated, numerous studies have focused on synthetic aperture
radar (SAR) image object recognition. Deep learning methods such as CNNs and RNNs
often fail to effectively capture the relationship between multi-directional SAR images;
so, to address this issue, Li et al. proposed a transformer-based method for SAR image
object recognition [60]. The method exploits the relationship between multi-directional SAR
image sequences. Additionally, they considered the limited capability of the self-attention
mechanism in extracting local features. Therefore, a pre-trained CNN was employed to
enhance model accuracy and reduce sample size requirements. Similarly, Xue et al. also
developed a hybrid CNN/transformer model [61]. The transformer branch extracts long-
term and global features from sequence images, while a 3D CNN serves as a local feature
encoder for extracting short-term and local features.

For hyperspectral and multispectral RS image object recognition tasks, image super-
resolution techniques can significantly enhance model performance. Gao et al. proposed an
aircraft recognition model based on the swin transformer with image super-resolution [62].
This model performed better than other models when evaluated on the MTARSI dataset.
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5.8. RS Series Data Analysis
5.8.1. Transformers for Spectrum Data Analysis

Transformers were originally proposed for processing sequential data. It is worth not-
ing that spectral data also fall under the category of sequential data. Therefore, researchers
leverage the advantages of transformers in extracting spectral features in hyperspectral
images. For instance, He et al. designed a two-branch CNN/transformer network for
hyperspectral image classification [42]. This network utilized CNN for spatial feature
extraction and transformers with skip connections for spectral feature extraction. Yang
et al. also investigated the impact of serial fusion and parallel fusion of the spatial branch
and spectral branch, respectively [21]. The model they proposed performed well on small
samples. Other studies employed two separate transformer branches to process spectral
and spatial information. For example, Wang et al. designed a feature aggregation module
to fuse the feature information extracted by the two transformer branches [63].

5.8.2. Transformers for Time Series Analysis

In time series analysis, traditional machine learning methods (such as ARIMA, LSTM,
etc.) often struggle to capture long-distance relationships. In contrast, transformers per-
form well at capturing temporal dependence in a time series. This is attributed to the
self-attention mechanism and the incorporation of positional encoding. Consequently,
transformers have gained popularity for analyzing time series data [64]. However, RS
image time series data are typically sparse, since satellites need to wait for the next zenith
pass. Therefore, the analysis of RS time series images predominantly takes the form of
multi-temporal approaches [65]. The strength of transformers is establishing long-range
relationships. In RS time series analysis, this is reflected in the need for long-sequence RS
data. Therefore, the primary focus of RS time series studies is on crops. A review of related
studies reveals that crops and vegetation are prominent research subjects within RS, due to
their distinct seasonal characteristics [34]. And there has been a new research paradigm
leveraging contrastive learning methods. This paradigm aims to eliminate pseudo-change
caused by phenology factors like season and weather conditions. The intrinsic crop features
can be extracted to enable crop classification and yield prediction.

6. Challenges
6.1. Computational Complexity and Inference Speed of Transformers in RS

Although transformers offer advantages, their computational complexity poses a
significant obstacle to their practical application. Our analysis, supported by statistical
data on parameters and inference speed, reveals that transformers require more parameters
and inference time compared to CNNs. This finding is illustrated in Figures 12 and 13.
The data in Figure 13 are selected according to the following criteria: (1) comparing
transformers with CNNs; (2) including inference speed in the evaluation matrix; and
(3) FPS is utilized as the evaluation metric. The numerals 1–7 represent each of these seven
independent experiments.

Based on the quantitative results presented above, transformers have demonstrated
exceptional performance in RS. However, their deep structure and self-attention mechanism
often result in a substantial number of model parameters, which limits their applicability in
low-configuration environments. To address this limitation, researchers frequently employ
various training strategies aimed at reducing the parameters and computational resource
consumption. For example, techniques such as model pruning (studies in CV can be found
in the work of He et al. [66]) and knowledge distillation (as discussed by Wang et al. [67]),
as well as other optimized training strategies, have been adopted. Consequently, certain
transformer approaches exhibit fewer parameters than CNNs based on the statistical
results presented in this review. Overall, it should be noted that transformers require
greater computational resources compared to traditional RS data-processing techniques—
particularly during the training phase.
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Moreover, deploying the trained transformer model in real-world applications presents
its own set of challenges that cannot be overlooked. The inherent complexity and extensive
parameters of the model may pose difficulties when deploying it in resource-limited
environments. Deploying models in low-configuration environments may encounter issues
such as high memory usage and slow inference speed, potentially limiting their usability.

Despite the high inference accuracy of transformers, their inference speed (evaluated
by frames per second, FPS) is reduced to varying degrees during the inference stage. To
address this issue for real-time application requirements, some researchers have proposed
strategies such as employing lightweight MobileViT as the backbone [68]. Statistical find-
ings from this study reveal that, even with various optimization algorithms, transformers
can only achieve comparable inference speed to CNNs. In most cases, however, the infer-
ence speed of transformers remains significantly lower than that of CNNs, while CNNs
exhibit a slightly inferior accuracy (Figure 12). These results indicate that there is still a
considerable gap before transformers can be effectively applied in real-time detection for
RS images or video analysis.

6.2. Large-Scale RS Dataset and Large RS Model
6.2.1. Pre-Training on Large-Scale RS Dataset

It has been observed that ImageNet, which consists of natural images, is the primary
dataset used for pre-training models in RS [69]. Although experimental results have
shown that pre-training with ImageNet leads to performance improvement, it may not
be entirely suitable for processing RS images. The success of transformers on ImageNet
can be attributed to their ability to capture global features. However, since objects in RS
datasets are typically small-scale, local features become more important. For instance, we
compared the representation of “plane” in both the RS image dataset and ImageNet, as
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depicted in Figure 14. We found that the “plane” only occupies a small area in the former,
while occupying almost the entire image in the latter. Therefore, although pre-training
with an inappropriate dataset offers advantages over training from scratch, using a more
appropriate dataset could potentially lead to higher accuracy.
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Figure 14. We searched for “plane” in the RS image dataset and the natural image dataset represented
by ImageNet. (a) Planes in RS image; (b) a plane in ImageNet.

The accuracy of RS deep learning models can be enhanced by constructing large-
scale RS datasets, which have been the focus of recent studies. A novel dataset called
SATLASPRETRAIN was proposed [70], demonstrating an average accuracy improvement
of 18% compared to the ImageNet fine-tuning across various downstream tasks. Wang
et al. trained a series of backbones using MillionAID, the largest existing dataset for
RS scene recognition [71]. Experimental results indicated that pre-training with RS data
offered a more favorable starting point for fine-tuning than pre-training with ImageNet.
Furthermore, they compared the performance of transformer-based models with other
architectures and found that transformers exhibit a superior performance. In 2024, some
new large-scale RS datasets have been released [72], which will bring new developments to
the field of remote sensing.

6.2.2. Transformers and Large Multimodal RS Model

Multimodal RS data can enhance the information content of RS objects, thereby offering
significant research potential. However, they also present higher research challenges
compared to single-modal data [73]. In CV, transformers have demonstrated advantages
in processing multimodal data due to their more general and flexible modeling space [74].
Consequently, researchers started employing transformers to address multimodal problems
in RS image text retrieval [75] and RS visual question answering [76]. Currently, there
exists a scarcity of large-scale multimodal datasets, leading to researchers’ need to collect
multimodal data by themselves. To address this issue, the Globe230k dataset [77] was
proposed to improve the quality of training data for RS semantic segmentation. This dataset
includes not only RGB bands but also additional features like the normalized vegetation
index (NDVI), digital elevation model (DEM), vertical/vertical polarization (VV) band,
and vertical/horizontal polarization (VH) band. We anticipate that more multimodal RS
datasets will be constructed.

In recent years, the concept of large-scale models has permeated various fields. In
natural language processing, ChatGPT has led to significant advancements. In RS, break-
throughs have been achieved with the introduction of pioneering multi-billion-scale vision
models for RS data [78], the first generative pre-training model for cross-modal RS data,
called RingMo [79], and the development of a groundbreaking multi-billion-scale basic
model for RS [80]. These remarkable achievements are all based on the utilization of
the vision transformer and swin transformer architectures, reaffirming the superiority of
transformers in large-scale multimodal RS data processing.



Sensors 2024, 24, 3495 17 of 23

7. Applications

Transformers have been applied in various fields, including agriculture, forestry, me-
teorology, hydrology, environmental protection, etc. In agriculture, researchers employ
transformers for species surveys and crop yield prediction. In the urban context, transform-
ers are primarily used for building extractions in urban regions, as well as for specific area
extraction, which serves as an important reference for urban planning and construction. In
environmental protection, transformers are used for smoke detection to detect wildfires,
building damage assessment, and melt pond detection. Transformers play an important
role in disaster area assistance and ecological environment protection. In mapping, there
are several applications such as wetland mapping and urban area mapping. Transformers
not only improve the accuracy of mapping but also enhance the utilization of RS data
through the fusion of different types of data, including satellite data and weather data [81].
In geology, transformers provide a solution for monitoring tailings pond detection [82].
In other applications, transformers are primarily employed for ship/aircraft detection
and recognition and RS image captioning, as well as exploring deep learning techniques.
Transformers possess significant potential and value for both military and commercial use.

The most widely used scene for transformers in RS is currently urban areas, as ev-
idenced by the count of publications in the database. Figure 15a illustrates the weight
of each study target in the database, while Figure 15b visually represents the highest-
frequency terms appearing in the title and abstract of the peer-reviewed literature, with a
larger font size indicating higher frequencies. Table 2 showcases typical RS applications of
transformers in each field.

Sensors 2024, 24, x FOR PEER REVIEW  17  of  23 
 

 

The most widely used scene for transformers  in RS  is currently urban areas, as evi-

denced by the count of publications in the database. Figure 15a illustrates the weight of each 

study  target  in  the database, while Figure 15b visually  represents  the highest-frequency 

terms appearing in the title and abstract of the peer-reviewed literature, with a larger font 

size indicating higher frequencies. Table 2 showcases typical RS applications of transform-

ers in each field. 

   
(a)  (b) 

Figure 15. Results of applications of transformers in RS. (a) Pie chart involving articles that use data 

from single scene; (b) study target cloud of articles in (a). 

Table 2. Typical applications of transformers in RS. 

Field of Application  Application 

Agriculture 

Crop type mapping [83] 

Rice yield prediction [34] 

Downy mildew disease detection [33] 

Mariculture cage segmentation [84] 

Environment protection 

Smoke-like scenes classification [85] 

Building damage assessment [86] 

Detection of melt ponds on sea ice [87] 

Oil spills detection [88] 

Deforestation monitoring [89] 

Snowmelt flood susceptibility assessment [90] 

Tailings ponds detection [82] 

Mapping  Wetland mapping [45] 

Urban planning 
Urban building classification [43,91] 

UIS classification [23,92] 

Others 

Small object detection [58] 

Ship detection [93] 

RS image captioning [94] 

Due to the continuous exploration of transformers by researchers, they have been ap-

plied quite successfully in different scenarios of RS, playing different roles. However, we 

found that the current research of transformers in RS is only limited to observation related to 

the environment, whether it is the natural environment or urban environment. There is a lack 

of research in the fields of humanities, economy, and finance. For instance, urban informal 

areas have a close connection to the urban development, and in-depth research is supported 

by earth observation data. We anticipate that the utilization of transformers will broaden, as 

RS image acquisition techniques advance further and RS data continue to be abundant. 

   

Figure 15. Results of applications of transformers in RS. (a) Pie chart involving articles that use data
from single scene; (b) study target cloud of articles in (a).

Table 2. Typical applications of transformers in RS.

Field of Application Application

Agriculture

Crop type mapping [83]
Rice yield prediction [34]
Downy mildew disease detection [33]
Mariculture cage segmentation [84]

Environment protection

Smoke-like scenes classification [85]
Building damage assessment [86]
Detection of melt ponds on sea ice [87]
Oil spills detection [88]
Deforestation monitoring [89]
Snowmelt flood susceptibility assessment [90]
Tailings ponds detection [82]

Mapping Wetland mapping [45]

Urban planning Urban building classification [43,91]
UIS classification [23,92]

Others
Small object detection [58]
Ship detection [93]
RS image captioning [94]
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Due to the continuous exploration of transformers by researchers, they have been
applied quite successfully in different scenarios of RS, playing different roles. However, we
found that the current research of transformers in RS is only limited to observation related
to the environment, whether it is the natural environment or urban environment. There is
a lack of research in the fields of humanities, economy, and finance. For instance, urban
informal areas have a close connection to the urban development, and in-depth research
is supported by earth observation data. We anticipate that the utilization of transformers
will broaden, as RS image acquisition techniques advance further and RS data continue to
be abundant.

8. Conclusions

Using information extracted from 237 scientific publications, in this study we con-
ducted a systematic review of the use of transformers in RS, and a quantitative analysis
of transformers’ relative performance (compared with other state-of-the-art methods like
CNNs), considering seven common RS image-processing tasks. Along with the quantitative
results, we discussed the status and analyzed the challenges of transformer-based deep
learning methods in RS image analysis. Subsequently, the applications of transformers in
RS were presented. Although the limited number of records prevented a detailed statistical
analysis on the effect of each contributing factor, generally we can see the following:

1. Transformers have a generally better performance than other architectures in different
tasks in RS image analysis, with the results of the quantitative analysis validating the
potential of the attention mechanism and transformers.

2. Transformers have advantages in LULC classification and fusion, with a more stable
performance in segmentation and object detection.

3. In most research, transformers have been combined with other architectures such
as CNNs to improve the model accuracy, while some pure transformer models also
showed their potential.

4. Transformers perform well in multimodal data processing and complex feature cap-
ture, with the ability to aggregate features across different feature spaces, as well
as globally, which is not the only solution to this type of problem but is still very
important and has great potential for development.

5. In time series analysis, researchers have developed a research paradigm that differs
from machine learning methods by eliminating the effect of weather on crops and
focusing solely on crop characteristics. This enables higher-accuracy tasks such as
crop classification and crop yield prediction. Transformers play an essential role in
this analysis of long time series.

6. Researchers have encountered the challenges of the high computational complexity
and computation times of transformers. New techniques such as improving the range
of the attention value and calculation formulas have been proposed to simplify the
computational process of transformers in RS.

7. Transformers have been explored in a wide range of scenes, including urban, farmland,
woodland, etc. But we found that transformers are solely employed on earth observa-
tion. There is a lack of research in the fields of humanities, economy, and finance.

As previously noted, by adopting some of the best architectural designs (pyramid
structure, inductive bias, residual connectivity, etc.) and training strategies (knowledge
distillation) from CNNs, researchers aim to integrate the strengths of CNNs and trans-
formers into a model. Transformers also perform well in multi-temporal image analysis
tasks, with their multimodal fusion capability and great sequence-feature capture capa-
bility. Throughout all the publications we researched, there are some problems behind
transformers’ excellent performance that need to be solved. Large-scale standard remote
sensing image datasets are needed in RS. Although there have been recent releases of
large-scale remote sensing datasets [70], most of the existing studies using pre-training
are based on ImageNet, which does not exactly match remote sensing tasks. In network
architecture, despite a series of improvements being proposed, massive calculations and
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a slow inference speed are still problems faced by researchers. Possible solutions are to
improve the calculation of the attention value and to reduce the range of it. How to reduce
the complexity of the calculation, and at the same time take into account high accuracy, is a
future research direction. Finally, the ultimate goal of RS research is to provide decision
support for human behavior, not only at the technique level. We recommend that research
on transformers in the humanities, economics, finance, and other fields be conducted to
employ their strengths for the advancement of these fields.

Author Contributions: The following contributions were made to this research effort: conceptu-
alization, L.M.; methodology, L.M.; validation, R.W.; formal analysis, L.M.; investigation, R.W.;
writing—original draft preparation, R.W., L.M. and Z.Y.; writing—review and editing, L.M., B.A.J.,
Z.Y. and Y.L.; supervision, L.M., G.H. and M.C.; project administration, G.H. All authors have read
and agreed to the published version of the manuscript.

Funding: This research was supported by the National Natural Science Foundation of China (Nos.
42171304, 41801291 and 61806018), the Key Laboratory of Land Satellite Remote Sensing Application,
Ministry of Natural Resources of the People’s Republic of China (KLSMNR-K202301), sponsored by
the Beijing Nova Program (20230484216), and the Open Research Fund of the State Key Laboratory of
Space–Earth Integrated Information Technology (SKL_SGIIT_20240303).

Conflicts of Interest: Authors Ruikun Wang, Guangjun He, Ming Chang, and Ying Liang were
employed by the company Space Star Technology Co., Ltd. The remaining authors declare that the
research was conducted in the absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Appendix A

The database of the manuscript has been uploaded to Gitee, visible at https://gitee.co
m/jiaozhuwang/transformers_for_-remote_-sensing_-a_-systematic_-review_and_-analys
is/blob/master/database.xlsx (accessed on 14 May 2024).

References
1. Ma, L.; Liu, Y.; Zhang, X.; Ye, Y.; Yin, G.; Johnson, B.A. Deep Learning in Remote Sensing Applications: A Meta-Analysis and

Review. ISPRS J. Photogramm. 2019, 152, 166–177. [CrossRef]
2. Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn, D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.; Heigold, G.;

Gelly, S.; et al. An Image Is Worth 16 × 16 Words: Transformers for Image Recognition at Scale. In Proceedings of the International
Conference on Learning Representations, Vienna, Austria, 4 May 2021.

3. Zhu, X.; Su, W.; Lu, L.; Li, B.; Wang, X.; Dai, J. Deformable DETR: Deformable Transformers for End-to-End Object Detection. In
Proceedings of the International Conference on Learning Representations, Vienna, Austria, 4 May 2021.

4. Zheng, S.; Lu, J.; Zhao, H.; Zhu, X.; Luo, Z.; Wang, Y.; Fu, Y.; Feng, J.; Xiang, T.; Torr, P.H.S.; et al. Rethinking Semantic
Segmentation from a Sequence-to-Sequence Perspective with Transformers. In Proceedings of the 2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), Virtual, 19–25 June 2021; pp. 6877–6886.

5. He, J.; Zhao, L.; Yang, H.; Zhang, M.; Li, W. HSI-BERT: Hyperspectral Image Classification Using the Bidirectional Encoder
Representation From Transformers. IEEE Trans. Geosci. Remote Sens. 2020, 58, 165–178. [CrossRef]

6. Adegun, A.A.; Viriri, S.; Tapamo, J.R. Review of Deep Learning Methods for Remote Sensing Satellite Images Classification:
Experimental Survey and Comparative Analysis. J. Big Data Ger. 2023, 10, 93. [CrossRef]

7. Teixeira, I.; Morais, R.; Sousa, J.J.; Cunha, A. Deep Learning Models for the Classification of Crops in Aerial Imagery: A Review.
Agriculture 2023, 13, 965. [CrossRef]

8. Kumari, M.; Kaul, A. Deep Learning Techniques for Remote Sensing Image Scene Classification: A Comprehensive Review,
Current Challenges, and Future Directions. Concurr. Comp. Pract. E 2023, 35, e7733. [CrossRef]

9. Aleissaee, A.A.; Kumar, A.; Anwer, R.M.; Khan, S.; Cholakkal, H.; Xia, G.-S.; Khan, F.S. Transformers in Remote Sensing: A
Survey. Remote Sens. 2023, 15, 1860. [CrossRef]

10. Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.; Gomez, A.N.; Kaiser, Ł.; Polosukhin, I. Attention Is All You Need. In
Proceedings of the 31st International Conference on Neural Information Processing Systems, Red Hook, NY, USA, 4–9 December
2017; Curran Associates Inc.: Red Hook, NY, USA, 2017; pp. 6000–6010.

11. Wang, A.; Singh, A.; Michael, J.; Hill, F.; Levy, O.; Bowman, S. GLUE: A Multi-Task Benchmark and Analysis Platform for Natural
Language Understanding. In Proceedings of the 2018 EMNLP Workshop BlackboxNLP: Analyzing and Interpreting Neural
Networks for NLP, Brussels, Belgium, 2–4 November 2018; pp. 353–355.

https://gitee.com/jiaozhuwang/transformers_for_-remote_-sensing_-a_-systematic_-review_and_-analysis/blob/master/database.xlsx
https://gitee.com/jiaozhuwang/transformers_for_-remote_-sensing_-a_-systematic_-review_and_-analysis/blob/master/database.xlsx
https://gitee.com/jiaozhuwang/transformers_for_-remote_-sensing_-a_-systematic_-review_and_-analysis/blob/master/database.xlsx
https://doi.org/10.1016/j.isprsjprs.2019.04.015
https://doi.org/10.1109/TGRS.2019.2934760
https://doi.org/10.1186/s40537-023-00772-x
https://doi.org/10.3390/agriculture13050965
https://doi.org/10.1002/cpe.7733
https://doi.org/10.3390/rs15071860


Sensors 2024, 24, 3495 20 of 23

12. Devlin, J.; Chang, M.-W.; Lee, K.; Toutanova, K. BERT: Pre-Training of Deep Bidirectional Transformers for Language Understand-
ing. In Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, Minneapolis, MN, USA, 2–7 June 2019; pp. 4171–4186.

13. Woo, S.; Park, J.; Lee, J.-Y.; Kweon, I.S. CBAM: Convolutional Block Attention Module. In Proceedings of the Computer
Vision—ECCV 2018, Munich, Germany, 8–14 September 2018; pp. 3–19.

14. Liu, Z.; Lin, Y.; Cao, Y.; Hu, H.; Wei, Y.; Zhang, Z.; Lin, S.; Guo, B. Swin Transformer: Hierarchical Vision Transformer Using
Shifted Windows. In Proceedings of the 2021 IEEE/CVF International Conference on Computer Vision (ICCV), Montreal, QC,
Canada, 11–17 October 2021; pp. 9992–10002.

15. Yu, F.; Koltun, V. Multi-Scale Context Aggregation by Dilated Convolutions. In Proceedings of the 4th International Conference
on Learning Representations, ICLR 2016, San Juan, Puerto Rico, 2–4 May 2016.

16. He, K.; Zhang, X.; Ren, S.; Sun, J. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. IEEE Trans.
Pattern Anal. Mach. Intell. 2015, 37, 1904–1916. [CrossRef] [PubMed]

17. Zhao, H.; Shi, J.; Qi, X.; Wang, X.; Jia, J. Pyramid Scene Parsing Network. In Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21–26 July 2017; pp. 6230–6239.

18. Chen, L.-C.; Papandreou, G.; Kokkinos, I.; Murphy, K.; Yuille, A.L. DeepLab: Semantic Image Segmentation with Deep
Convolutional Nets, Atrous Convolution, and Fully Connected CRFs. IEEE Trans. Pattern Anal. Mach. Intell. 2018, 40, 834–848.
[CrossRef] [PubMed]

19. Liu, S.; Huang, D.; Wang, Y. Receptive Field Block Net for Accurate and Fast Object Detection. In Proceedings of the Computer
Vision—ECCV 2018, Munich, Germany, 8–14 September 2018; pp. 404–419.

20. Chen, X.; Kamata, S.-I.; Zhou, W. Hyperspectral Image Classification Based on Multi-Stage Vision Transformer with Stacked
Samples. In Proceedings of the 2021 IEEE Region 10 Conference (TENCON 2021), Auckland, New Zealand, 7–10 December 2021;
pp. 441–446.

21. Yang, L.; Yang, Y.; Yang, J.; Zhao, N.; Wu, L.; Wang, L.; Wang, T. FusionNet: A Convolution-Transformer Fusion Network for
Hyperspectral Image Classification. Remote Sens. 2022, 14, 4066. [CrossRef]

22. Yu, H.; Xu, Z.; Zheng, K.; Hong, D.; Yang, H.; Song, M. MSTNet: A Multilevel Spectral-Spatial Transformer Network for
Hyperspectral Image Classification. IEEE Trans. Geosci. Remote Sens. 2022, 60, 5532513. [CrossRef]

23. Fan, R.; Li, F.; Han, W.; Yan, J.; Li, J.; Wang, L. Fine-Scale Urban Informal Settlements Mapping by Fusing Remote Sensing Images
and Building Data via a Transformer-Based Multimodal Fusion Network. IEEE Trans. Geosci. Remote Sens. 2022, 60, 5630316.
[CrossRef]

24. Zhang, C.; Wang, L.; Cheng, S.; Li, Y. SwinSUNet: Pure Transformer Network for Remote Sensing Image Change Detection. IEEE
Trans. Geosci. Remote Sens. 2022, 60, 5224713. [CrossRef]

25. Li, Z.; Zhang, Y.; Arora, S. Why Are Convolutional Nets More Sample-Efficient than Fully-Connected Nets? In Proceedings of the
9th International Conference on Learning Representations, ICLR 2021, Vienna, Austria, 4 May 2021.

26. Khelifi, L.; Mignotte, M. Deep Learning for Change Detection in Remote Sensing Images: Comprehensive Review and Meta-
Analysis. IEEE Access 2020, 8, 126385–126400. [CrossRef]

27. Lu, Z.; Zhou, Z.; Li, X.; Zhang, J. STANet: A Novel Predictive Neural Network for Ground-Based Remote Sensing Cloud Image
Sequence Extrapolation. IEEE Trans. Geosci. Remote Sens. 2023, 61, 4701811. [CrossRef]

28. Terven, J.; Córdova-Esparza, D.-M.; Romero-González, J.-A. A Comprehensive Review of YOLO Architectures in Computer
Vision: From YOLOv1 to YOLOv8 and YOLO-NAS. Mach. Learn. Knowl. Extr. 2023, 5, 1680–1716. [CrossRef]

29. Ma, J.; Yu, W.; Chen, C.; Liang, P.; Guo, X.; Jiang, J. Pan-GAN: An Unsupervised Pan-Sharpening Method for Remote Sensing
Image Fusion. Inform. Fusion. 2020, 62, 110–120. [CrossRef]

30. Liang, J.; Cao, J.; Sun, G.; Zhang, K.; Van Gool, L.; Timofte, R. SwinIR: Image Restoration Using Swin Transformer. In Proceedings
of the 2021 IEEE/CVF International Conference on Computer Vision Workshops (ICCVW), Montreal, BC, Canada, 11–17 October
2021; pp. 1833–1844. [CrossRef]

31. Hou, L.; Zhang, B.; Wang, B. PAN-Guided Multiresolution Fusion Network Using Swin Transformer for Pansharpening. IEEE
Geosci. Remote Sens. Lett. 2023, 20, 6001605. [CrossRef]

32. Pelletier, F.; Cardille, J.A.; Wulder, M.A.; White, J.C.; Hermosilla, T. Inter- and Intra-Year Forest Change Detection and Monitoring
of Aboveground Biomass Dynamics Using Sentinel-2 and Landsat. Remote Sens. Environ. 2024, 301, 113931. [CrossRef]

33. Maillet, W.; Ouhami, M.; Hafiane, A. Fusion of Satellite Images and Weather Data With Transformer Networks for Downy Mildew
Disease Detection. IEEE Access 2023, 11, 5406–5416. [CrossRef]

34. Liu, Y.; Wang, S.; Chen, J.; Chen, B.; Wang, X.; Hao, D.; Sun, L. Rice Yield Prediction and Model Interpretation Based on Satellite
and Climatic Indicators Using a Transformer Method. Remote Sens. 2022, 14, 5045. [CrossRef]

35. Li, W.; Cao, D.; Peng, Y.; Yang, C. MSNet: A Multi-Stream Fusion Network for Remote Sensing Spatiotemporal Fusion Based on
Transformer and Convolution. Remote Sens. 2021, 13, 3724. [CrossRef]

36. Yao, G.; Huang, P.; Ai, H.; Zhang, C.; Zhang, J.; Zhang, C.; Wang, F. Matching Wide-Baseline Stereo Images with Weak Texture
Using the Perspective Invariant Local Feature Transformer. J. Appl. Remote Sens. 2022, 16, 036502. [CrossRef]

37. Fan, Y.; Wang, F.; Wang, H. A Transformer-Based Coarse-to-Fine Wide-Swath SAR Image Registration Method under Weak
Texture Conditions. Remote Sens. 2022, 14, 1175. [CrossRef]

https://doi.org/10.1109/TPAMI.2015.2389824
https://www.ncbi.nlm.nih.gov/pubmed/26353135
https://doi.org/10.1109/TPAMI.2017.2699184
https://www.ncbi.nlm.nih.gov/pubmed/28463186
https://doi.org/10.3390/rs14164066
https://doi.org/10.1109/TGRS.2022.3186400
https://doi.org/10.1109/TGRS.2022.3204345
https://doi.org/10.1109/TGRS.2022.3160007
https://doi.org/10.1109/ACCESS.2020.3008036
https://doi.org/10.1109/TGRS.2023.3268503
https://doi.org/10.3390/make5040083
https://doi.org/10.1016/j.inffus.2020.04.006
https://doi.org/10.1109/ICCVW54120.2021.00210
https://doi.org/10.1109/LGRS.2022.3232189
https://doi.org/10.1016/j.rse.2023.113931
https://doi.org/10.1109/ACCESS.2023.3237082
https://doi.org/10.3390/rs14195045
https://doi.org/10.3390/rs13183724
https://doi.org/10.1117/1.JRS.16.036502
https://doi.org/10.3390/rs14051175


Sensors 2024, 24, 3495 21 of 23

38. Li, T.; Wang, C.; Wu, F.; Zhang, H.; Zhang, B.; Xu, L. Built-up Area Extraction from Gf-3 Image Based on an Improved Transformer
Model. In Proceedings of the 2022 IEEE International Geoscience And Remote Sensing Symposium (IGARSS 2022), Kuala
Lumpur, Malaysia, 17–22 July 2022.

39. Xu, Z.; Zhang, W.; Zhang, T.; Yang, Z.; Li, J. Efficient Transformer for Remote Sensing Image Segmentation. Remote Sens.
2021, 13, 3585. [CrossRef]

40. Zhang, Y.; Gao, X.; Duan, Q.; Yuan, L.; Gao, X. DHT: Deformable Hybrid Transformer for Aerial Image Segmentation. IEEE Geosci.
Remote Sens. Lett. 2022, 19, 6518805. [CrossRef]

41. Wang, H.; Chen, X.; Zhang, T.; Xu, Z.; Li, J. CCTNet: Coupled CNN and Transformer Network for Crop Segmentation of Remote
Sensing Images. Remote Sens. 2022, 14, 1956. [CrossRef]

42. He, X.; Chen, Y.; Lin, Z. Spatial-Spectral Transformer for Hyperspectral Image Classification. Remote Sens. 2021, 13, 498. [CrossRef]
43. Yuan, Y.; Lin, L. Self-Supervised Pretraining of Transformers for Satellite Image Time Series Classification. IEEE J. Stars. 2021, 14,

474–487. [CrossRef]
44. Yuan, Y.; Lin, L.; Liu, Q.; Hang, R.; Zhou, Z.-G. SITS-Former: A Pre-Trained Spatio-Spectral-Temporal Representation Model for

Sentinel-2 Time Series Classification. Int. J. Appl. Earth Obs. 2022, 106, 102651. [CrossRef]
45. Jamali, A.; Mahdianpari, M.; Brisco, B.; Mao, D.; Salehi, B.; Mohammadimanesh, F. 3DUNetGSFormer: A Deep Learning Pipeline

for Complex Wetland Mapping Using Generative Adversarial Networks and Swin Transformer. Ecol. Inform. 2022, 72, 101904.
[CrossRef]

46. Bountos, N.I.; Michail, D.; Papoutsis, I. Learning from Synthetic InSAR with Vision Transformers: The Case of Volcanic Unrest
Detection. IEEE Trans. Geosci. Remote Sens. 2022, 60, 4509712. [CrossRef]

47. Bai, J.; Lu, J.; Xiao, Z.; Chen, Z.; Jiao, L. Generative Adversarial Networks Based on Transformer Encoder and Convolution Block
for Hyperspectral Image Classification. Remote Sens. 2022, 14, 3426. [CrossRef]

48. Cheng, H.; Wu, H.; Zheng, J.; Qi, K.; Liu, W. A Hierarchical Self-Attention Augmented Laplacian Pyramid Expanding Network
for Change Detection in High-Resolution Remote Sensing Images. ISPRS J. Photogramm. 2021, 182, 52–66. [CrossRef]

49. Zhao, B.; Tang, P.; Luo, X.; Liu, D.; Wang, H. 3M-CDNet-V2: An Efficient Medium-Weight Neural Network for Remote Sensing
Image Change Detection. IEEE Access 2022, 10, 89581–89597. [CrossRef]

50. Pang, L.; Sun, J.; Chi, Y.; Yang, Y.; Zhang, F.; Zhang, L. CD-TransUNet: A Hybrid Transformer Network for the Change Detection
of Urban Buildings Using L-Band SAR Images. Sustainability 2022, 14, 9847. [CrossRef]

51. Xia, L.; Chen, J.; Luo, J.; Zhang, J.; Yang, D.; Shen, Z. Building Change Detection Based on an Edge-Guided Convolutional Neural
Network Combined with a Transformer. Remote Sens. 2022, 14, 4524. [CrossRef]

52. Chen, Z.; Zhou, Y.; Wang, B.; Xu, X.; He, N.; Jin, S.; Jin, S. EGDE-Net: A Building Change Detection Method for High-Resolution
Remote Sensing Imagery Based on Edge Guidance and Differential Enhancement. ISPRS J. Photogramm. 2022, 191, 203–222.
[CrossRef]

53. Wang, G.; Li, B.; Zhang, T.; Zhang, S. A Network Combining a Transformer and a Convolutional Neural Network for Remote
Sensing Image Change Detection. Remote Sens. 2022, 14, 2228. [CrossRef]

54. Zhang, M.; Liu, Z.; Feng, J.; Liu, L.; Jiao, L. Remote Sensing Image Change Detection Based on Deep Multi-Scale Multi-Attention
Siamese Transformer Network. Remote Sens. 2023, 15, 842. [CrossRef]

55. Ding, J.; Li, X.; Zhao, L. CDFormer: A Hyperspectral Image Change Detection Method Based on Transformer Encoders. IEEE
Geosci. Remote Sens. Lett. 2022, 19, 6015405. [CrossRef]

56. Zhou, Y.; Chen, S.; Zhao, J.; Yao, R.; Xue, Y.; El Saddik, A. CLT-Det: Correlation Learning Based on Transformer for Detecting
Dense Objects in Remote Sensing Images. IEEE Trans. Geosci. Remote Sens. 2022, 60, 4708915. [CrossRef]

57. Carion, N.; Massa, F.; Synnaeve, G.; Usunier, N.; Kirillov, A.; Zagoruyko, S. End-to-End Object Detection with Transformers. In
Proceedings of the 16th European Conference on Computer Vision—ECCV 2020, Glasgow, UK, 23–28 August 2020.

58. Gong, H.; Mu, T.; Li, Q.; Dai, H.; Li, C.; He, Z.; Wang, W.; Han, F.; Tuniyazi, A.; Li, H.; et al. Swin-Transformer-Enabled YOLOv5
with Attention Mechanism for Small Object Detection on Satellite Images. Remote Sens. 2022, 14, 2861. [CrossRef]

59. Hou, Y.; Shi, G.; Zhao, Y.; Wang, F.; Jiang, X.; Zhuang, R.; Mei, Y.; Ma, X. R-YOLO: A YOLO-Based Method for Arbitrary-Oriented
Target Detection in High-Resolution Remote Sensing Images. Sensors 2022, 22, 5716. [CrossRef] [PubMed]

60. Li, S.; Pan, Z.; Hu, Y. Multi-Aspect Convolutional-Transformer Network for SAR Automatic Target Recognition. Remote Sens.
2022, 14, 3924. [CrossRef]

61. Xue, R.; Bai, X.; Cao, X.; Zhou, F. Sequential ISAR Target Classification Based on Hybrid Transformer. IEEE Trans. Geosci. Remote
Sens. 2022, 60, 5111411. [CrossRef]

62. Gao, K.; He, H.; Lu, D.; Xu, L.; Ma, L.; Li, J. Optimizing and Evaluating Swin Transformer for Aircraft Classification: Analysis and
Generalizability of the MTARSI Dataset. IEEE Access 2022, 10, 134427–134439. [CrossRef]

63. Wang, W.; Liu, L.; Zhang, T.; Shen, J.; Wang, J.; Li, J. Hyper-ES2T: Efficient Spatial-Spectral Transformer for the Classification of
Hyperspectral Remote Sensing Images. Int. J. Appl. Earth Obs. 2022, 113, 103005. [CrossRef]

64. Li, S.; Jin, X.; Xuan, Y.; Zhou, X.; Chen, W.; Wang, Y.-X.; Yan, X. Enhancing the Locality and Breaking the Memory Bottleneck of
Transformer on Time Series Forecasting. In Proceedings of the 33rd International Conference on Neural Information Processing
Systems, New York, NY, USA, 8–14 December 2019; pp. 5243–5253.

https://doi.org/10.3390/rs13183585
https://doi.org/10.1109/LGRS.2022.3222916
https://doi.org/10.3390/rs14091956
https://doi.org/10.3390/rs13030498
https://doi.org/10.1109/JSTARS.2020.3036602
https://doi.org/10.1016/j.jag.2021.102651
https://doi.org/10.1016/j.ecoinf.2022.101904
https://doi.org/10.1109/TGRS.2022.3180891
https://doi.org/10.3390/rs14143426
https://doi.org/10.1016/j.isprsjprs.2021.10.001
https://doi.org/10.1109/ACCESS.2022.3201129
https://doi.org/10.3390/su14169847
https://doi.org/10.3390/rs14184524
https://doi.org/10.1016/j.isprsjprs.2022.07.016
https://doi.org/10.3390/rs14092228
https://doi.org/10.3390/rs15030842
https://doi.org/10.1109/LGRS.2022.3216878
https://doi.org/10.1109/TGRS.2022.3204770
https://doi.org/10.3390/rs14122861
https://doi.org/10.3390/s22155716
https://www.ncbi.nlm.nih.gov/pubmed/35957272
https://doi.org/10.3390/rs14163924
https://doi.org/10.1109/TGRS.2022.3155246
https://doi.org/10.1109/ACCESS.2022.3231327
https://doi.org/10.1016/j.jag.2022.103005


Sensors 2024, 24, 3495 22 of 23

65. Yanan, Z.; Wang, Y.; Yan, N.; Feng, L.; Chen, Y.; Wu, T.; Gao, J.; Zhang, X.; Zhu, W. Contrastive-Learning-Based Time-Series
Feature Representation for Parcel-Based Crop Mapping Using Incomplete Sentinel-2 Image Sequences. Remote Sens. 2023, 15,
5009. [CrossRef]

66. He, H.; Liu, J.; Pan, Z.; Cai, J.; Zhang, J.; Tao, D.; Zhuang, B. Pruning Self-Attentions into Convolutional Layers in Single Path.
IEEE Trans. Pattern Anal. Mach. Intell. 2024, 46, 3910–3920. [CrossRef] [PubMed]

67. Wang, X.; Zhu, J.; Yan, Z.; Zhang, Z.; Zhang, Y.; Chen, Y.; Li, H. LaST: Label-Free Self-Distillation Contrastive Learning with
Transformer Architecture for Remote Sensing Image Scene Classification. EEE Geosci. Remote Sens. Lett. 2022, 19, 6512205.
[CrossRef]

68. Dai, Y.; Zheng, T.; Xue, C.; Zhou, L. SegMarsViT: Lightweight Mars Terrain Segmentation Network for Autonomous Driving in
Planetary Exploration. Remote Sens. 2022, 14, 6297. [CrossRef]

69. Deng, J.; Dong, W.; Socher, R.; Li, L.-J.; Li, K.; Li, F.-F. ImageNet: A Large-Scale Hierarchical Image Database. In Proceedings of
the 2009 IEEE Conference on Computer Vision and Pattern Recognition, Miami, FL, USA, 20–25 June 2009.

70. Bastani, F.; Wolters, P.; Gupta, R.; Ferdinando, J.; Kembhavi, A. SatlasPretrain: A Large-Scale Dataset for Remote Sensing Image
Understanding. In Proceedings of the 2023 IEEE/CVF International Conference on Computer Vision (ICCV), Paris, France,
1–6 October 2023; pp. 16726–16736.

71. Wang, D.; Zhang, J.; Du, B.; Xia, G.-S.; Tao, D. An Empirical Study of Remote Sensing Pretraining. IEEE Trans. Geosci. Remote Sens.
2023, 61, 5608020. [CrossRef]

72. Li, Y.; Li, X.; Li, W.; Hou, Q.; Liu, L.; Cheng, M.-M.; Yang, J. SARDet-100K: Towards Open-Source Benchmark and ToolKit for
Large-Scale SAR Object Detection. arXiv 2024, arXiv:2403.06534.

73. Sun, X.; Tian, Y.; Lu, W.; Wang, P.; Niu, R.; Yu, H.; Fu, K. From Single- to Multi-Modal Remote Sensing Imagery Interpretation: A
Survey and Taxonomy. Sci. China Inf. Sci. 2023, 66, 140301. [CrossRef]

74. Xu, P.; Zhu, X.; Clifton, D.A. Multimodal Learning With Transformers: A Survey. IEEE Trans. Pattern Anal. Mach. Intell. 2023, 45,
12113–12132. [CrossRef] [PubMed]

75. Wang, Y.; Ma, J.; Li, M.; Tang, X.; Han, X.; Jiao, L. Multi-Scale Interactive Transformer for Remote Sensing Cross-Modal Image-Text
Retrieval. In Proceedings of the 2022 IEEE International Geoscience and Remote Sensing Symposium (IGARSS 2022), Kuala
Lumpur, Malaysia, 17–22 July 2022; pp. 839–842.

76. Siebert, T.; Clasen, K.N.; Ravanbakhsh, M.; Demir, B. Multi-Modal Fusion Transformer for Visual Question Answering in Remote
Sensing. In Proceedings of the Image and Signal Processing for Remote Sensing XXVIII, Edinburgh, UK, 5–6 September 2022;
p. 12267.

77. Shi, Q.; He, D.; Liu, Z.; Liu, X.; Xue, J. Globe230k: A Benchmark Dense-Pixel Annotation Dataset for Global Land Cover Mapping.
Int. J. Remote Sens. 2023, 3, 0078. [CrossRef]

78. Wang, D.; Zhang, Q.; Xu, Y.; Zhang, J.; Du, B.; Tao, D.; Zhang, L. Advancing Plain Vision Transformer Toward Remote Sensing
Foundation Model. IEEE Trans. Geosci. Remote Sens. 2023, 61, 5607315. [CrossRef]

79. Sun, X.; Wang, P.; Lu, W.; Zhu, Z.; Lu, X.; He, Q.; Li, J.; Rong, X.; Yang, Z.; Chang, H.; et al. RingMo: A Remote Sensing Foundation
Model With Masked Image Modeling. IEEE Trans. Geosci. Remote Sens. 2023, 61, 5612822. [CrossRef]

80. Cha, K.; Seo, J.; Lee, T. A Billion-Scale Foundation Model for Remote Sensing Images. arXiv 2023, arXiv:2304.05215. [CrossRef]
81. Addimando, N.; Engel, M.; Schwarz, F.; Batic, M. A Deep Learning Approach for Crop Type Mapping Based on Combined

Time Series of Satellite and Weather Data. In Proceedings of the XXIVth ISPRS CONGRESS, Nice, France, 6–11 June 2022;
pp. 1300–1308.

82. Sun, Z.; Li, P.; Meng, Q.; Sun, Y.; Bi, Y. An Improved YOLOv5 Method to Detect Tailings Ponds from High-Resolution Remote
Sensing Images. Remote Sens. 2023, 15, 1796. [CrossRef]

83. Li, K.; Zhao, W.; Peng, R.; Ye, T. Multi-Branch Self-Learning Vision Transformer (MSViT) for Crop Type Mapping with Optical-SAR
Time-Series. Comput. Electron. Agric. 2022, 203, 107497. [CrossRef]

84. Xu, L.; Hu, Z.; Zhang, C.; Wu, W. Remote Sensing Image Segmentation of Mariculture Cage Using Ensemble Learning Strategy.
Appl. Sci. 2022, 12, 8234. [CrossRef]

85. Chen, S.; Li, W.; Cao, Y.; Lu, X. Combining the Convolution and Transformer for Classification of Smoke-Like Scenes in Remote
Sensing Images. IEEE Trans. Geosci. Remote Sens. 2022, 60, 4512519. [CrossRef]

86. Chen, H.; Nemni, E.; Vallecorsa, S.; Li, X.; Wu, C.; Bromley, L. Dual-Tasks Siamese Transformer Framework for Building Damage
Assessment. In Proceedings of the 2022 IEEE International Geoscience and Remote Sensing Symposium (IGARSS 2022), Kuala
Lumpur, Malaysia, 17–22 July 2022; pp. 1600–1603.

87. Sudakow, I.; Asari, V.K.; Liu, R.; Demchev, D. MeltPondNet: A Swin Transformer U-Net for Detection of Melt Ponds on Arctic Sea
Ice. IEEE J. Stars. 2022, 15, 8776–8784. [CrossRef]

88. Dehghani-Dehcheshmeh, S.; Akhoondzadeh, M.; Homayouni, S. Oil Spills Detection from SAR Earth Observations Based on a
Hybrid CNN Transformer Networks. Mar. Pollut. Bull. 2023, 190, 114834. [CrossRef] [PubMed]

89. Kaselimi, M.; Voulodimos, A.; Daskalopoulos, I.; Doulamis, N.; Doulamis, A. A Vision Transformer Model for Convolution-Free
Multilabel Classification of Satellite Imagery in Deforestation Monitoring. IEEE Trans. Neural Netw. Learn. Syst. 2023, 34,
3299–3307. [CrossRef] [PubMed]

90. Yang, R.; Zheng, G.; Hu, P.; Liu, Y.; Xu, W.; Bao, A. Snowmelt Flood Susceptibility Assessment in Kunlun Mountains Based on the
Swin Transformer Deep Learning Method. Remote Sens. 2022, 14, 6360. [CrossRef]

https://doi.org/10.3390/rs15205009
https://doi.org/10.1109/TPAMI.2024.3355890
https://www.ncbi.nlm.nih.gov/pubmed/38241113
https://doi.org/10.1109/LGRS.2022.3185088
https://doi.org/10.3390/rs14246297
https://doi.org/10.1109/TGRS.2022.3176603
https://doi.org/10.1007/s11432-022-3588-0
https://doi.org/10.1109/TPAMI.2023.3275156
https://www.ncbi.nlm.nih.gov/pubmed/37167049
https://doi.org/10.34133/remotesensing.0078
https://doi.org/10.1109/TGRS.2022.3222818
https://doi.org/10.1109/TGRS.2022.3194732
https://doi.org/10.1109/JSTARS.2024.3401772
https://doi.org/10.3390/rs15071796
https://doi.org/10.1016/j.compag.2022.107497
https://doi.org/10.3390/app12168234
https://doi.org/10.1109/TGRS.2022.3208120
https://doi.org/10.1109/JSTARS.2022.3213192
https://doi.org/10.1016/j.marpolbul.2023.114834
https://www.ncbi.nlm.nih.gov/pubmed/36934487
https://doi.org/10.1109/TNNLS.2022.3144791
https://www.ncbi.nlm.nih.gov/pubmed/35108212
https://doi.org/10.3390/rs14246360


Sensors 2024, 24, 3495 23 of 23

91. Zhang, H.; Wang, Z.; Song, J.; Li, X. Transformer for the Building Segmentation of Urban Remote Sensing. Photogramm. Eng.
Remote Sens. 2022, 88, 603–609. [CrossRef]

92. Fan, R.; Li, J.; Song, W.; Han, W.; Yan, J.; Wang, L. Urban Informal Settlements Classification via a Transformer-Based Spatial-
Temporal Fusion Network Using Multimodal Remote Sensing and Time-Series Human Activity Data. Int. J. Appl. Earth Obs. 2022,
111, 102831. [CrossRef]

93. Yu, J.; Wu, T.; Zhou, S.; Pan, H.; Zhang, X.; Zhang, W. An SAR Ship Object Detection Algorithm Based on Feature Information
Efficient Representation Network. Remote Sens. 2022, 14, 3489. [CrossRef]

94. Zhuang, S.; Wang, P.; Wang, G.; Wang, D.; Chen, J.; Gao, F. Improving Remote Sensing Image Captioning by Combining Grid
Features and Transformer. IEEE Geosci. Remote Sens. Lett. 2022, 19, 6504905. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.14358/PERS.21-00076R2
https://doi.org/10.1016/j.jag.2022.102831
https://doi.org/10.3390/rs14143489
https://doi.org/10.1109/LGRS.2021.3135711

	Introduction 
	The Development of Transformers in Image Analysis 
	The Technology of Transformers 
	The Development of Transformers in CV 
	The Development of Transformers in RS 

	Methods and Data 
	Data Collection 
	Data 

	Results of Quantitative Analysis 
	General Statistical Results 
	Statistical Results in Tasks 
	Fusion 
	Segmentation 
	LULC Classification 
	Change Detection 
	Object Detection 


	A Systematic Review of Transformers in Remote Sensing Image Analysis 
	Fusion 
	Registration 
	Segmentation 
	LULC Classification 
	Change Detection 
	Object Detection 
	Object Recognition 
	RS Series Data Analysis 
	Transformers for Spectrum Data Analysis 
	Transformers for Time Series Analysis 


	Challenges 
	Computational Complexity and Inference Speed of Transformers in RS 
	Large-Scale RS Dataset and Large RS Model 
	Pre-Training on Large-Scale RS Dataset 
	Transformers and Large Multimodal RS Model 


	Applications 
	Conclusions 
	Appendix A
	References

