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ABSTRACT

Deep learning methodologies have significantly advanced the fields of computer
vision and machine learning, enhancing performance across various tasks like
classification, regression, and detection. In remote sensing for Earth observation,
deep neural networks have propelled state-of-the-art results. However, a major
drawback is their dependence on large annotated datasets, necessitating
extensive human effort, especially in specialized domains like medical imaging or
remote sensing. To mitigate this reliance on annotations, several self-supervised
representation learning techniques have emerged, aiming to learn unsupervised
image representations applicable to downstream tasks such as image
classification, object detection, or semantic segmentation. Consequently, self-
supervised learning approaches have gained traction in remote sensing. This
article surveys the foundational principles of various self-supervised methods,
focusing on scene classification tasks. We elucidate key contributions, analyze
experimental setups, and synthesize findings from each study. Furthermore, we
conduct comprehensive experiments on two public scene classification datasets
to evaluate and benchmark different self-supervised models.
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Introduction:

Modern supervised deep learning methods in computer vision heavily depend on large annotated
datasets to learn pertinent image features. However, annotating such datasets is arduous and time-
consuming. Notably, ImageNet stands as one of the largest annotated image recognition datasets,
comprising over 14 million training images, which took considerable human effort to annotate. In many
practical applications of vision-based fields, leveraging supervised models pre-trained on ImageNet has
become customary to enhance the performance of deep neural networks through transfer learning or
fine-tuning on smaller, domain-specific image data. Utilizing pre-trained ImageNet weights in transfer
learning improves performance compared to initializing network weights randomly (i.e., training from
scratch). These pre-trained weights offer superior representation capabilities, particularly in initial
network layers. However, fine-tuning of deeper layers on domain-specific data is necessary for the
network to extract task-relevant features effectively. In Earth observation through aerial and satellite
remote sensing, vast amounts of data are generated daily, making meticulous annotation impractical. If
annotated, this data could train supervised models for scene classification and serve as backbone models
for other tasks by leveraging neural activations from coarse to deeper layers as image-level or patch-level
representations. Self-supervised learning (SSL) offers a method to train generalized image representations
without heavy reliance on annotated data. SSL learns deep feature representations invariant to sensible
transformations, or augmentations, of input data. These models rely solely on unlabeled data to define
their own training objective (i.e., pretext task), circumventing the need for time-consuming annotations.
Features generated by SSL methods should possess discriminative properties for future downstream tasks
while being generalized enough for application to new tasks without requiring retraining. Given recent
SSL advancements in image representation, this paper explores how these developments can benefit
remote sensing, specifically in scene classification tasks. Thus, the paper aims to review SSL methods
developed for scene classification in recent years, providing guidance to researchers interested in this
potential research area within remote sensing. This paper is structured as follows: we briefly outline
remote sensing scene classification approaches, from classical feature engineering to modern deep
learning, followed by an overview of significant self-supervised methods in computer vision inspiring the
remote sensing community. Section 3 provides a detailed survey of SSL approaches developed for scene
classification tasks. Section 4 presents our experimental study, benchmarking and comparing current
state-of-the-art SSL frameworks on two public scene classification datasets. Section 5 discusses the role
of image augmentation strategies and the transfer learning ability of SSL pre-trained models based on
ablation analysis and additional experiments.

Background

Scene Classification

Scene classification in remote sensing involves predicting a label for an image from a dataset containing
various semantic categories of land cover. Due to the visual similarities and shared objects across scenes,
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methods solely focusing on pixel or object-level modeling have been insufficient for accurate scene
classification. Instead, a deeper understanding and characterization of the relationships among objects
and regions within each scene type are required. For instance, both residential and industrial scenes may
feature manmade structures, roads, and trees. Therefore, effective scene classification methods need to
capture coarse-to-fine features from images while considering the spatial appearance and relationships
among semantic elements. Typically, scene classification involves two steps: first, encoding the image into
a feature representation, and then training a classifier on these representations to differentiate between
semantic classes. Depending on the representations, classification can be achieved using simple linear
classifiers or more complex ones like random forests or support vector machines (SVMs). Early methods
relied on feature engineering to craft representations tailored to the task. Techniques such as Histogram
of Oriented Gradients (HOG) and Scale-Invariant Feature Transform (SIFT) were commonly used to extract
local features, which were then aggregated using methods like Bag-of-Visual-Words (BOVW) or Fisher
Vector (FV) representation.

In recent years, deep learning models have demonstrated remarkable representation capabilities across
various domains, including remote sensing, leading to state-of-the-art performance in scene classification.
Convolutional Neural Networks (CNNs) have particularly dominated remote sensing scene classification,
extracting features from local image neighborhoods using shared weights across convolutional kernels.
CNNs' early layers capture low-level features, while deeper layers extract object-level features during
image classification. Spatial features are aggregated and processed by fully connected layers to generate
scores for each semantic class. Furthermore, the adoption of transformer models, treating images as
sequences of visual tokens, has shown promising advancements in image classification.

A pragmatic approach in scene classification involves utilizing pre-trained weights from models trained on
large datasets for initialization, rather than starting training from scratch. Research has demonstrated that
pre-trained weights from networks trained on ImageNet already enhance classification performance,
even when the target dataset differs visually from ImageNet. This approach, known as transfer learning,
could yield even greater benefits if pre-training occurs on a large remote sensing dataset instead of
ImageNet, as it can offer more relevant features. This notion is supported by studies indicating significant
differences between ImageNet samples and remote sensing images. Objects in remote sensing datasets
are often dispersed throughout the entire image, contrasting with ImageNet samples where objects are
typically centered.
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Figure 1. Comparison between Object-Centric Natural Images (from the ImageNet [1] dataset) and Remote
Sensing Scene Images (from the Resisc-45 [3] dataset).

To assess and compare scene classification methods, the remote sensing community has compiled diverse datasets for
benchmarking, ranging from simple three-channel RGB images to more complex multi-spectral, hyperspectral, or
time series datasets. Here, we briefly introduce some commonly used datasets for benchmarking scene classification
methods, focusing on optical images. One of the earliest and most renowned datasets is the UC-Merced dataset,
comprising 21 classes, each with 100 images sized 256x256 pixels and a resolution of 0.3 meters. However, due to
the demand for larger datasets with more classes, several bigger datasets like NWPU-RESISC45, the Aerial Image
Dataset (AID), and the RSI-CB were created by collecting and extracting data from Google Earth. Among these,
NWPU-RESISC45 (Resisc-45 hereafter) is widely utilized, containing over 31,500 high-resolution images covering
45 different scene categories, with resolutions ranging from 30 meters to 0.2 meters. For lower-resolution images
sourced from open-access data, EuroSAT and BigEarthNet are prominent choices for benchmarking. EuroSAT
consists of 27,000 small images sized 64x64 pixels, with spatial resolutions varying from 10 meters to 30 meters per
pixel, covering 10 scene categories. BigEarthNet, on the other hand, is one of the largest remote sensing scene
classification datasets, comprising more than 590,000 samples sized 120x120 pixels extracted from Sentinel-2 data,
encompassing 44 classes. For further details on these datasets and others, readers are directed to in-depth descriptions
and analyses of scene classification benchmarks in recent review papers.

While deep learning methods have become the predominant approach for solving remote sensing scene classification
problems, the demand for domain-specific labeled data poses a scalability challenge for improving classification
performance. Studies have shown that the performance of deep learning models can indeed improve with increased
labeled data and network size. However, labeling data is costly, time-consuming, and can be biased depending on the
annotator. Consequently, the computer vision community has been driven to develop unsupervised representation
learning methods to address this issue. Recent methods, which formulate their own training objectives using data, are
referred to as self-supervised learning (SSL) methods, a topic we will review in the following section.

Self-Supervised Methods

Acquiring a large annotated dataset for a specific task can be labor-intensive, prompting the development of algorithms
to learn effective image representations without supervision, known as unsupervised learning techniques. When the
training objective is derived from the data itself, these methods are termed self-supervised learning methods.
Essentially, a feature representation is encoded from an image using a deep neural network trained on a pretext task
for which labels are automatically generated without human annotation. These learned representations, designed to
solve pretext tasks, can later serve as a foundation for supervised downstream tasks. In this section, we provide a brief
overview of the most significant state-of-the-art self-supervised methods, primarily proposed within the machine
learning and computer vision communities. Without sacrificing generality, we categorize these methods into four
groups: generative, predictive, contrastive, and non-contrastive SSL. It's worth noting that in the literature, contrastive
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and non-contrastive approaches can be amalgamated into a single joint-embedding approach. However, for clarity, we
opt to differentiate between these two without any loss of generality. The aim is to trace their chronological evolution
and offer sufficient background for our primary survey in Section 3. For more comprehensive surveys of self-
supervised approaches, readers are encouraged to explore dedicated review papers.

Generative

A prevalent pretext task involves reconstructing the input image after compression using an autoencoder. By
minimizing the reconstruction loss, the model learns to compress all relevant information from the image into a lower-
dimensional latent space using the encoder component. Subsequently, the decoder component attempts to reconstruct
the image from this latent space. Denoising autoencoders have also demonstrated efficacy in generating robust image
representations by learning to eliminate artificial noise from images. Variational autoencoders (VAE) enhance the
autoencoder framework by encoding the parameters of the latent space distribution. They are trained to minimize both
the reconstruction error and an additional term, reducing the Kullback-Leibler divergence between a known latent
distribution, often a unit-centered Gaussian distribution, and the one produced by the encoder. This regularization over
the latent space facilitates sampling from the generated distribution. More recently, the advent of vision transformers
has facilitated the development of large masked autoencoders operating at a patch level instead of pixel-wise,
reconstructing entire patches with only a subset of visible patches. This reconstruction task yields robust image
representations by appending a class token to the sequence of patches or employing global average pooling on all the
patch tokens.

Predictive

The second category of SSL methods encompasses models trained to predict the outcome of an artificial
transformation applied to the input image. This approach is motivated by the idea that predicting the transformation
necessitates learning relevant characteristics of semantic objects and regions within the image. For instance, by pre-
training a model to predict the relative position of two image patches, reference [31] achieved performance
enhancements compared to random initialization, approaching the performance level of ImageNet pre-trained weights
in well-established computer vision datasets. Various other predictive pretext tasks have been proposed to learn
representations. One such task is image colorization, introduced in reference [32]. In this method, the input image is
initially converted to grayscale, and then an autoencoder is trained to recolorize the grayscale version back to the
original color image by minimizing the mean squared error between the reconstruction and the original. The feature
representations extracted by the encoder are then utilized for downstream tasks. Another notable predictive SSL
method is RotNet [33], which trains a model to predict the randomly applied rotation to the input image. This rotation
prediction task compels the model to extract meaningful features that aid in comprehending the semantic content of
the image. Similarly, another SSL model tackles a jigsaw puzzle task [34], predicting the relative positions of image
partitions that were previously shuffled. Furthermore, the Exemplar CNN [35] is trained to predict the augmentations
applied to images by considering various types of augmentations, including cropping, rotation, color jittering, and
contrast modification.
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Contrastive

Another approach to obtaining effective image representations is by encouraging the features of multiple views of an
image to be similar. This ensures that the final representations are invariant to the augmentations used to create the
different image views. However, if not properly managed, the network may converge to a constant representation that
is independent of the input image, satisfying the invariance constraint (known as the collapsing problem).

To address this challenge and promote diverse representations while preventing the collapsing issue, contrastive loss
is commonly employed. This loss function aims to compel the model to differentiate between representations of views
from the same image (i.e., positives) and those from different images (i.e., negatives). Essentially, it strives to generate
similar feature representations for positive pairs while pushing apart representations for negative pairs. Among
methods in this category, the simplest objective is the triplet loss. In triplet loss, a model is trained to minimize the
distance between representations of an anchor and its positive instance more than the distance between that anchor
and a randomly selected negative instance. This concept is illustrated in Figure 4. The triplet loss function can be
expressed as follows:

3. Self-Supervised Remote Sensing Scene Classification

Remote sensing scene classification data possess distinct characteristics compared to natural images in computer
vision. Remote sensing images typically exhibit heterogeneous backgrounds with abundant textures and structural
information. Unlike vision images, where primary objects are typically the focal point, images captured by aerial and
satellite platforms may contain various object classes with different sizes, shapes, and orientations, influenced by the
sensor's spectral and spatial resolution. Consequently, despite the significant advancements in deep learning models
from the machine learning and computer vision communities, most learning methods have been adapted for scene
classification to generate more relevant feature representations suitable for downstream remote sensing tasks. In this
section, we delve into existing self-supervised remote sensing scene classification methods and their specifics
compared to general methods developed in computer vision. We categorize these methods based on the
aforementioned approaches and discuss their application in the remote sensing domain.

Generative

One of the pioneering generative SSL methods applied to scene classification is MARTA GANs (Multiple-layer
Feature-matching Generative Adversarial Networks), as proposed in reference [52]. Similar to the concept of GAN-
based generative SSL, MARTA GANs involve training a GAN to generate artificial scene images as a pretext task to
create image representations. The core concept of MARTA GANSs involves extracting multi-level features from
different network layers and aggregating them through concatenation. Additionally, the generator is trained to
maximize the similarity of activations between fake and real images at every layer of the discriminator, defining the
multilevel feature matching loss. MARTA GANSs demonstrate promising results on the UC-Merced and Brazilian
coffee scene datasets, providing high-quality fake samples while delivering competitive classification performance.

Another early utilization of generative models in SSL for remote sensing is presented in reference [54], where a split-
brain autoencoder is evaluated for self-supervised image representation. Split-brain autoencoders address the
challenge of learning relevant information from data distribution by splitting the input data into two different non-
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overlapping subsets of data channels (or spectral bands in the remote sensing context) and learning to reconstruct one
subset from the other. The overall training loss is defined, and the final image representation is obtained by
concatenating the output of both encoders into a single discriminative embedding vector. Experimental results on the
Resisc-45 and AID datasets demonstrate competitive performance, particularly with few unlabeled training images.

Predictive

In [56], a comparative study of different SSL methods applied to remote sensing scene classification is conducted,
including image inpainting, relative position prediction, and instance discrimination. By employing linear
classification as a downstream task, the instance discrimination (IDSSL) model outperforms predictive approaches
while being less sensitive to the amount of labeled data. Furthermore, utilizing IDSSL pre-trained weights significantly
boosts classification performance, particularly with limited labeled samples.

Another approach proposed in [57] combines self-supervised and supervised training strategies using multitask
learning with a mixup loss function. By jointly training a model with self-supervised loss for image rotation prediction
and supervised cross-entropy loss for label prediction, the model learns features dependent on both classification and
rotation, leading to competitive classification results.

An alternative predictive method is presented in [59], where parts of a sample are masked, and a single encoder-
decoder is trained to reconstruct the entire original sample. This method, called SITS-BERT, is based on the masking
technique from the BERT model adapted for satellite image time series. SITS-BERT learns spectral-temporal
representations related to land cover contents from satellite image time series data.

These predictive methods showcase diverse approaches to self-supervised learning in remote sensing, each offering
unique advantages and demonstrating competitive performance in scene classification tasks.

Contrastive Learning Approaches in Remote Sensing Scene Classification

In recent years, the remote sensing community has embraced various contrastive joint-embedding methods, tailoring
them to develop novel algorithms for scene classification. Among these methods, Tile2Vec stands out as one of the
pioneers. Tile2Vec utilizes the triplet loss function to glean compressed representations from unlabeled remote sensing
data. It leverages geographical proximity to establish positive and negative sample sets for each image patch, ensuring
similar representations for close tiles and distinct ones for distant ones. Although Tile2Vec's reliance on geographic
data may limit its applicability in some datasets, its efficacy is evident in specific contexts where geo-information is
available. Evaluations on datasets like the National Agriculture Imagery Program (NAIP) and the Cropland Data Layer
(CDL) demonstrate Tile2Vec's superiority over other unsupervised feature extraction methods.
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Another noteworthy approach modifies the triplet loss to suit remote sensing images. This adaptation reformulates the
loss as a binary classification problem, employing fully-connected layers with sigmoid activation to output scores. By
optimizing these scores, the model learns to distinguish positive and negative pairs effectively. Moreover, the
introduction of randomized predictor network weights enhances representation quality compared to traditional
methods. Evaluation on datasets like NAIP and CDL showcases the method's potential, outperforming Tile2Vec in
certain scenarios.

Contrastive methods often necessitate the creation of multiple views for each instance to build discriminative
representations. Leveraging the specifics of remote sensing data, contrastive multiview coding exploits multi-spectral
images to produce consistent representations across different spectral bands. This approach splits an original image
into two views based on its channels and employs a contrastive loss to encourage proximity between positive pairs
and separation between negative pairs. Extensive experiments confirm the superiority of SSL pre-training on remote
sensing images over natural images. Furthermore, proper pre-training on multi-spectral data is essential for
downstream tasks reliant on such imagery.

Geography-aware SSL methods capitalize on temporal and spatial metadata available in certain datasets. By using this
information, models can learn consistent representations across different timestamps and locations, improving
performance in downstream tasks. The momentum contrast (MoCo) method, alongside geolocation classification,
enhances feature representations compared to direct MoCo application on remote sensing datasets.

Overall, contrastive learning approaches show immense promise in remote sensing scene classification, offering
robust representations and outperforming traditional methods in various contexts. With ongoing research focusing on
multimodal fusion, temporal invariance, and novel pre-training strategies, the field continues to evolve, paving the
way for more accurate and efficient remote sensing applications.
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