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A B S T R A C T

With many platforms and sensors continuously observing the earth surface, the large amount of remote
sensing data presents a big data challenge. While remote sensing data acquisition capability can fully meet the
requirements of many application domains, there is still a need to further explore how to efficiently mine the
useful information from remote sensing big data (RSBD). Many researchers in the remote sensing community
have introduced deep learning in the process of RSBD, and deep learning-based methods have achieved
better performance compared with traditional methods. However, there are still substantial obstacles to the
application of deep learning in remote sensing. One of the major challenges is the generation of pixel-level
labels with high quality for training samples, which is essential to deep learning models. Weakly supervised
deep learning (WSDL) is a promising solution to address this problem as WSDL can utilize greedily labeled
datasets that are easy to collect but not ideal to train the deep networks. In this review, we summarize
the achievements of WSDL-driven cost-efficient information extraction from RSBD. We first analyze the
opportunities and challenges of information extraction from RSBD. Based on the analysis of the theoretical
foundations of WSDL in the computer vision (CV) domain, we conduct a survey on the WSDL-based information
extraction methods under the data characteristic and task demand of RSBD in four different tasks: (i) scene
classification, (ii) object detection, (iii) semantic segmentation and (iv) change detection. Finally, potential
research directions are outlined to guide researchers to further exploit WSDL-based information extraction
from RSBD.
1. Introduction

In recent decades, remote sensing techniques and platforms used to
observe the earth surface have rapidly developed, with the exploration
of airplanes, satellites, unmanned aerial vehicles, and so on Wu et al.
(2021). As shown in Fig. 1, massive remote sensing data have been
obtained in various spectral, spatial and temporal resolutions. Remote
sensing data is fundamental for understanding the Earth (Zhang et al.,
2016b) and lead to many important applications linked with biodiver-
sity (Randin et al., 2020), humanitarian efforts (Schmieder et al., 2020),
global climate change monitoring (Dirscherl et al., 2020) and so on.

It is apparent that remote sensing data already has the 4 V char-
acteristics of big data, for instance, Velocity, Veracity, Variety and
Volume (Zhang et al., 2019a). These characteristics in the remote
sensing can be explained as follows: (1) Volume: remote sensing data
are obtained from all over the world. The number of remote sensing
data is huge and increases fast. For example, the Earth Science Data
and Information System (ESDIS) in NASA, receives over 4TB of new
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data every day. Such huge volume brings big challenges to the storage,
preprocessing and information extraction. (2) Variety : remote sensing
data acquired with various imaging conditions (e.g., sensors, time,
location, etc.) shows different characteristics. It is still challenging to
utilize such diverse data. Generally, deep learning models trained on a
specific dataset performs poorly on another dataset. (3) Velocity : the re-
mote sensing data grow rapidly along with the continuous observations
and increasing number of imaging sensors. In real applications, the
timeliness of the applications of remote sensing demands the efficiency
of processing and information extraction. (4) Veracity : inconsistence
and incompleteness might exist in remote sensing data (Zhu et al.,
2016; Zhang et al., 2019a). These characteristics make it very difficult
to automatically and robustly extract valuable information from RSBD.

Despite the difficulties in information extraction, pioneers in remote
sensing have achieved fruitful results. Benefited from long-accumulated
image processing experience, the traditional methods with handcrafted
feature descriptors are adopted to extract information from remote
vailable online 19 May 2023
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Fig. 1. Information extraction from RSBD in weakly supervised manner.
sensing images. However, these feature descriptors are only effective in
some limited situations (Benediktsson et al., 2003; Jia et al., 2013), and
often fail to achieve an optimal balance between the generalization and
robustness especially when coping with RSBD (Zhang et al., 2016b).
Thanks to the rapid development of computing power and big data
with high-quality labels, deep learning has achieved great success and
surpassed traditional methods and even outperformed human ability in
many tasks (Zhu et al., 2017; Silver et al., 2016). Nowadays, deep learn-
ing methodologies are ubiquitous in remote sensing studies, such as
change detection (Huang et al., 2019; Wang et al., 2018), object detec-
tion (Deng et al., 2018; Chen et al., 2019b), scene classification (Tong
et al., 2020a; Xue et al., 2020) and semantic segmentation (Kemker
et al., 2018; Diakogiannis et al., 2020).

As it is well known, high quality pixel-level labels are essential
to the performance of deep learning. Taking the task for semantic
segmentation as one example, a label map indicating the class of each
pixel is needed for every training image. Obviously, creating such
detailed labels is very time-consuming, especially for images that cover
large areas and contain many objects. In the era of RSBD, the exhaustive
annotation of massively increasing remote sensing data has become
impossible. As a consequence, how to train deep networks in a cost-
efficient manner becomes a practical issue to extract information from
RSBD. In the literature, one promising solution is to leverage easily
collected weak supervision information for training deep networks.
Compared with full supervision, weak supervision refers to incomplete,
inaccurate and inexact labels (Zhou, 2018) which is explained in detail
in Section 3. Exploiting weak supervision can significantly reduce the
cost of labeling. For instance, image-level ones can be used instead of
pixel-level labels to train deep models for semantic segmentation tasks.
Obviously, it is easier to acquire image-level labels. As summarized in
2

Fig. 1, the number of papers about this technology is increasing each
year. Many methods have been proposed to learn robust models under
weak supervision. However, a performance gap between fully and weak
supervision is still inevitable.

In this paper, we focus on WSDL-based cost-efficient information ex-
traction from RSBD. First, we illustrate the challenges and opportunities
in information extraction from RSBD. Second, we introduce the concept
of WSDL. Third, we provide a detailed review of WSDL’s achievements
in four tasks of remote sensing: (i) scene classification, (ii) object detec-
tion, (iii) semantic segmentation, and (iv) change detection. Finally, we
summarize some potential research directions to guide future research.

2. Information extraction from remote sensing big data: opportu-
nities and challenges

2.1. Opportunities in information extraction from remote sensing big data

Due to the emergence of new technologies, there are many oppor-
tunities for information extraction from RSBD. Traditional methods are
not able to extract all the information hidden behind big data due to
the 4 V characteristics of volume, variety, velocity and veracity (Zhang
et al., 2019a). Impressive performance has been achieved (LeCun et al.,
2015) in natural language processing (Otter et al., 2020), natural image
processing (Jiao and Zhao, 2019), and other areas. Many researches
have used deep learning to process remote sensing images and have
achieved considerable results (Zhang et al., 2016b). Due to the large
volume of remote sensing data, deep learning technology can automat-
ically learn the feature extraction and classification models from RSBD
instead of requiring hand-crafted feature operators (Zhu et al., 2017).
Moreover, the large amount of data can help to avoid overfitting.
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Another opportunity in information extraction from RSBD is the variety
of remote sensing data. There are different types of remote sensing data
(i.e., multimodal data), such as optical imagery, multispectral imagery,
and synthetic aperture radar (SAR) imagery. Multimodal data comes
from different sensors and has diverse imaging principles (Zhang et al.,
2021c; Ma et al., 2022; Tang et al., 2022). Therefore, fusing multimodal
data can address situations where single modal data is insufficient (Li
et al., 2023c). For instance, optical imagery cannot clearly capture
the Earth’s surface when there are clouds. However, SAR is an all-
weather sensor that can collect ground information regardless of cloud
coverage. The fusion of SAR and optical data complements each other’s
deficiencies (Li et al., 2023c).

Two crucial variables play key roles in information extraction from
RSBD: storage and computation. The increasing volume of remote
sensing data has raised the problem of realizing efficient storage and
computation. It is impossible to load such a volume of data on the
local memory (Wu et al., 2021). Fortunately, the modern distributed
platforms provide the capacity of dealing with storage and processing
of RSBD by distributing the heavy processing loads. Cloud computing
is currently the most efficient method to process RSBD. With the
developments of techniques for storing, computing and understanding
RSBD, these data have been successfully applied to address many real-
world problems (Chi et al., 2016), including forest monitoring at a
global scale (Crowther et al., 2015), land use (Martinuzzi et al., 2007),
urban planning (Deng et al., 2008; Bhatta, 2010) and so on.

2.2. Challenges in information extraction from remote sensing big data

Despite the aforementioned opportunities, there are still some chal-
lenges that hinder the information extraction from RSBD. In recent
years, image retrieval from RSBD has made a lot of progress (Li et al.,
2021f, 2018c,a). Compared with image retrieval, how to effectively
extract information from RSBD is a more challenging problem as the in-
formation extraction needs to solve complicated classification problems
and even object location. The deep learning-based methods require
not only many remote sensing images but also a sufficient number of
high-quality labels to supervise the training of deep learning models.
This brings the following challenges to the information extraction from
RSBD:

(1) Obtaining labels for the huge volume of remote sensing data
requires lots of time and labor. Utilizing the massively existing land
cover products or the crowdsourcing way to generate labels seems to
be a promising solution. However, the quality of such data labels cannot
always be guaranteed.

(2) The high velocity of RSBD means that the existing labels can be
out of date very fast and need to be updated frequently. Considering
the big volume of data, updating such a large volume of data is
often unaffordable. Furthermore when an urgent task emerges, timely
collecting sufficient images and reliable labels is quite difficult, which
limits the practical applications of RSBD.

(3) Big variety of RSBD makes it more challenging to extract in-
formation from images. Images from different sensors, places and time
have diverse features. When applying the deep learning models trained
on one type of data to another, the performance might decrease signif-
icantly.

In the era of RSBD, the challenges mentioned above make it difficult
to extract information in remote sensing. Effectively training deep
networks under weak supervision is an important way to meet the
challenges of information extraction from RSBD.

Except for the lack of labels, the end-to-end large-size remote sens-
ing image interpretation also poses a challenge for information extrac-
tion. Normally, a remote sensing image has a large field-of-view, which
help collecting more information and interpreting images (Li et al.,
2023a,b). However, limited by the GPU memories, the most of deep-
learning-based methods of information extraction fail to process one
3

remote sensing image with large size holistically (Li et al., 2023a). One
whole large-size image generally is cut into small patches and process
on such small one, which might prevent the deep-learning model from
complete information and leads to incorrect results of information ex-
traction. As mentioned above, the performance of deep learning models
suffers from the lack of high-quality labels. Embedding prior knowledge
into the deep learning training process can be a promising solution to
it, which has more interpretability compared with totally data-driven
methods (Li et al., 2021c, 2022b,a). But how to sufficiently employ the
prior knowledge in the deep networks still need more research.

3. Weakly supervised deep learning: basic concepts

In general, for deep learning methods, the neural networks learn
weights from the training datasets guided by the validation datasets,
and then predict the results on the test ones. These datasets consist
of two parts, namely images and labels, and the type of labels vary
greatly for different tasks. For example, in the scene classification task,
the label indicates the class of the whole scene, whereas in semantic
segmentation task, the label typically is a pixel-level classification
map. In deep learning methods, each sample has a label and label
should be error-free and intact. Only with such high-quality labels
the deep learning methods can result in outstanding performance.
However, as already mentioned, obtaining such desirable datasets is
not easy. This motivates studying how to perform deep learning under
weak supervision information for little loss of accuracy. According to
the review in Zhou (2018), WSDL mainly uses three types of weak
supervision information: inexact supervision, incomplete supervision
and inaccurate supervision. Fig. 2 provides an illustration of these
three types of weak supervision information and examples in the image
processing field. The incomplete, inexact, and inaccurate supervision is
specifically discussed below.

Incomplete supervision means that in the training datasets some
samples are labeled but the others are unlabeled. In other words, in
such supervision condition, the algorithms need to learn 𝑓 ∶ 𝑋 ⟼ 𝑌
from a training dataset 𝐷 = {(𝑥1, 𝑦1),… , (𝑥𝑙 , 𝑦𝑙), 𝑥𝑙+1,… , 𝑥𝑚}, where 𝑙
denotes the number of labeled data, 𝑚 denotes the number of samples
in the whole dataset, 𝑥𝑖 denotes the sample and 𝑦𝑖 stands for its label.

his is a common situation to avoid the cost of labeling all samples.
n this case, the labeled part of samples is typically error-free but it is
ot sufficient to train the networks. Thus, it is a desirable solution to
se such unlabeled data to make up for the missing labeled data. In
he CV field, semi-supervised learning is used to solve such problems
s shown in Fig. 2. One of the strategies is to assign pseudo labels to
nlabeled samples and train deep networks simultaneously exploiting
abeled samples and unlabeled samples (Lee, 2013). The corresponding
ptimization function can be formulated as:

𝑜𝑠𝑠 = 1
𝑙

𝑙
∑

𝑖=1
𝑙(𝑓 (𝑥𝑖; 𝜃), 𝑦𝑖) + 𝛼 1

𝑚 − 𝑙

𝑚
∑

𝑗=𝑙+1
𝑙(𝑓 (𝑥𝑗 ; 𝜃), 𝑦′𝑗 ) (1)

here 𝑙(𝑓 (𝑥𝑗 ; 𝜃), 𝑦′𝑗 ) stands for the loss function of unlabeled samples
nd 𝑦′𝑗 is the pseudo label. 𝑙𝑓 (𝑥𝑖; 𝜃) is the loss function of labeled
amples. 𝛼 is the parameter used to control the influence of unlabeled
amples. Inexact supervision refers to supervision information that is not
s exact as desired (Zhou, 2018). In other words, in this situation, only
oarse labels are given. Formally, under such condition, 𝑓 ∶ 𝑋 ⟼ 𝑌 is
earned from 𝐷 = {(𝑋1, 𝑦1),… , (𝑋𝑖, 𝑦𝑖),… , (𝑋𝑚, 𝑦𝑚)} where the sample
𝑖 = {𝑥𝑖,1,… , 𝑥𝑖,𝑚𝑖

} may contain several objects and 𝑦𝑖 denotes its
mage-level label. For example, in the case of semantic segmentation,
here are weakly supervised methods that exploit image-level labels.
s shown in Fig. 2, these methods utilize much coarser labels which
nly give the classes of objects taking up the majority of images. The
ost of image-level semantic segmentation methods are based on class

ctivation maps (CAM) (Zhou et al., 2016b) defined as:

𝑐 (𝑋𝑖, 𝑦𝑖) =
∑

𝜔𝑐
𝑘𝑓𝑘(𝑋𝑖, 𝑦𝑖) (2)
𝑘
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Fig. 2. The overview of weak supervision types involved in this review. ‘N’ and ‘P’ denote negative and positive samples respectively. Images with red masks are mislabeled
samples.
where 𝑀𝑐 (𝑋𝑖, 𝑦𝑖) is the class activation map for the class 𝑐. 𝑋𝑖 is an
image which is assigned the label 𝑦𝑖. 𝑓𝑘(𝑋𝑖, 𝑦𝑖) is the feature map from
channel 𝑘. 𝜔𝑐

𝑘 are the parameters learned from a fully connected layer.
𝑀𝑐 (𝑋𝑖, 𝑦𝑖) can locate the major regions of objects of class 𝑐.

Inaccurate supervision means that there are errors in the labels of
samples (Zhou, 2018). This means that in the dataset 𝐷 =
{(𝑥1, 𝑦1),… , (𝑥𝑖, 𝑦𝑖),… , (𝑥𝑚, 𝑦𝑚)}, 𝑦𝑖 is not necessarily the true label of
the sample 𝑥𝑖. In the CV field, error-tolerant methods are designed to
learn robust models from datasets containing mislabeled samples. To il-
lustrate the error-tolerant approaches more intuitively in the following,
the equation used for updating the reweighted loss is presented, which
is one of the strategy to accomplish the error-tolerant learning (Song
et al., 2020):

𝜃𝑡+1 = 𝜃𝑡 − 𝜂▽( 1
𝑚

𝑚
∑

𝑖=1
𝜔(𝑥𝑖, 𝑦𝑖)𝑙(𝑓 (𝑥𝑖; 𝜃𝑡), 𝑦𝑖)) (3)

where 𝜃 are the parameters of the network 𝑓 (𝑥𝑖; 𝜃𝑡) and 𝑡 indicates the
epoch number. 𝜂 is the learning rate. 𝜔(𝑥𝑖, 𝑦𝑖)𝑙 is the reweighted loss, in
which 𝜔(𝑥𝑖, 𝑦𝑖) is the weight of the sample 𝑥𝑖. The samples more likely
to be the noisy samples are assigned with smaller weights.
4

4. Weakly supervised deep learning for remote sensing big data
mining

In this section, we review in detail the WSDL-based achievements
for RSBD information extraction in four common tasks: semantic seg-
mentation, scene classification, change detection and object detection,
.

4.1. WSDL-based remote sensing image scene classification

the task of scene classification in remote sensing is to classify a
block of remote sensing images into one or several categories (Gong
et al., 2018). The task of scene classification in remote sensing has been
applied widely in many fields, such as environmental monitoring and
urban management (Tu et al., 2020).

There are mainly two types of methods for scene classification
in remote sensing: traditional methods with handcrafted descriptors
and data-driven feature-based methods (Kang et al., 2021). Traditional
handcrafted feature-based methods (Yang and Newsam, 2008; Thoo-
nen et al., 2011; Chen et al., 2016) extract low-level information of



International Journal of Applied Earth Observation and Geoinformation 120 (2023) 103345Y. Li et al.
Fig. 3. Overview of weak supervision in the task of scene classification. Images with red masks are mislabeled samples. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
geographic objects, such as shape, spectral properties, by exploiting
several descriptors. While these handcrafted descriptors are simple
and interpretable, the complexity of remote sensing scenes limits the
performance of these descriptors (Bratasanu et al., 2010). Deep learning
is the most effective data-driven feature-based method. It automatically
extracts features from data by utilizing a hierarchical structure and
learning weights from huge amounts of data. The desirable perfor-
mance of deep learning in natural image classification (Rawat and
Wang, 2017) has attracted researchers to apply deep learning tech-
niques to remote sensing scene classification (He et al., 2018; Hu et al.,
2015; Cheng et al., 2018).

However, to achieve high accuracy it requires a huge number of
labeled images. Although labels in scene classification are image-level,
namely only one or few classes for image, it is still time-consuming
to label all images. Therefore, there are bounds to the number of
labeled images that can be obtained, preventing the fully supervised
scene classification methods from the desired performance. To solve
this problem, many weakly supervised methods have been proposed
which could be classified into four types (see Fig. 3): (i) error-tolerant
learning, (ii) semi-supervised learning, (iii) domain adaptation learning
and (iv) low-shot learning. In the following, we review these four types
5

of weakly supervised methods. Table 1 lists some datasets for weakly
supervised scene classification in remote sensing that researchers can
use.

4.1.1. Error-tolerant deep learning for scene classification
There are two types of methods to label data at an affordable cost in

the literature (Li et al., 2021i). The first kind of approaches is based on
greedy annotation, which is to cluster all remote sensing images into
several classes. Images in the same cluster are assigned to the same
label based on the assumption that samples within the same cluster are
more likely to have the same label (Li and Ye, 2018; Xia et al., 2015).
The second kind of approaches is based on crowdsourcing, which is to
use crowd-sourcing information to produce labeled datasets (Li et al.,
2017b; Jin et al., 2018), e.g., OpenStreetMap (Vargas-Munoz et al.,
2020). All of these methods alleviate the lacking of labeled data and
make it easier to annotate remote sensing images. Obviously, both types
of annotating methods introduce label noises into datasets. It is worth
noting that even in the samples which are annotated manually label
noise might exist. Remote sensing images have high interclass similarity
and high intraclass diversity (Tu et al., 2020), for which the classifi-
cation of remote sensing scenes needs much expertise and experience



International Journal of Applied Earth Observation and Geoinformation 120 (2023) 103345Y. Li et al.
Table 1
Datasets for weakly supervised scene classification in remote sensing.

Datasets Description Supervision type Download link

AID-GA (Li et al., 2021i) Samples with noisy labels
generated by greedy annotation
algorithm (Li and Ye, 2018)

Noisy supervision for scene
classification

https://captain-
whu.github.io/AID

BUD-GLC (Li et al., 2021i) 5000 training samples with
noisy labels generated from
FROM-GLC10 product (Chen
et al., 2019c)

Noisy supervision for scene
classification

Modified AID (Dai et al., 2019) This dataset is modified from
the dataset AID (Xia et al.,
2017); 2% are labeled data;
98% are unlabeled data

Semi-supervision for scene
classification

https://captain-
whu.github.io/AID

UCM (Yang and Newsam, 2010)
+ RSSCN7 (Song et al., 2019)

Source domain: UC Merced
dataset (Yang and Newsam,
2010); target domain: RSSCN7
(Zou et al., 2015)

Domain adaptation scene
classification

UCM:weegee.vision.
ucmerced.edu/datasets/
landuse.html
RSSCN7:https://sites.google.
com/site/qinzoucn/documents

RSSDIVCS (Li et al., 2021j) 56000 samples with labels of 70
scene categories and each
categories have corresponding
language-level description

Scene labels and category
language-level description for
zero-shot learning

https://github.com/kdy2021/
SR-RSKG

Modified UCM (Yuan et al., 2020) This dataset is modified from
the dataset UCM (Yang and
Newsam, 2010); 16 classes as
the base class for training; 5
classes as the novel class for
evaluation

Few-shot supervision for scene
classification

weegee.vision.ucmerced.edu/
datasets/landuse.html

UCM2MAI (Hua et al., 2021) 1600 single-label samples from
UCM (Yang and Newsam,
2010); 1649 multi-label samples
from MAI (Hua et al., 2021)

Single-label to multi-label https://github.com/Hua-
YS/Prototype-based-Memory-
Network

AID2MAI (Hua et al., 2021) 7050 single-label samples from
AID (Xia et al., 2017); 3239
multi-label samples from MAI
(Hua et al., 2021)

Single-label to multi-label https://github.com/Hua-
YS/Prototype-based-Memory-
Network
and sometimes ground investigation is mandatory. Therefore, it is easy
to introduce errors in these processes. The presence of label noises
significantly reduces the performance of deep networks (Pelletier et al.,
2017).

There are many error-tolerant scene classification methods in re-
mote sensing which can be roughly classified into two categories (Li
et al., 2021i), i.e., methods based on robust loss functions (Gong et al.,
2018; Kang et al., 2021, 2020; Zhao et al., 2017; Hua et al., 2020)
and methods based on noise correction (Tu et al., 2020; Li et al.,
2021i). Methods based on robust loss functions in Gong et al. (2018),
Kang et al. (2021, 2020) and Hua et al. (2020) adopt the strategy
of modifying the loss function to alleviate the influence of mislabeled
samples and train robust models. Zhao et al. (2017) add a noisy-label
transition layer in the convolutional neural networks (CNNs), which
can also be regarded as a modification of the loss function. Meth-
ods based on noise correction aim to identify the mislabeled samples
and correcting them. Tu et al. (2020) model the correlation between
mislabeled samples and correct samples using the covariance matrix
and makes it easier to push noisy labels apart. Furthermore, Li et al.
(2021i) propose a novel framework which detects the potential labeling
noises and then relabels these uncertain labels utilizing a multi-view
structure to iteratively train the multiple networks. In Perantoni and
Bruzzone (2021), the obsolete digital maps are used as weak supervi-
sion combined with a small clean dataset. A novel training strategy is
proposed to weight samples and let the most reliable labels guide the
optimization.

4.1.2. Semi-supervised deep learning for scene classification
Semi-supervised deep learning aims at learning parameters from

a dataset where there are few labeled samples and other unlabeled
6

samples. Due to the more complicated imaging conditions and the
need for extra geo-knowledge, it is more difficult for annotators to
manually label remote sensing images. Therefore, many researchers
introduced semi-supervised learning into remote sensing (Dai et al.,
2019; Guo et al., 2020; Han et al., 2018; Zhang and Yang, 2020; Roy
et al., 2018; Tao et al., 2020). According to how the unlabeled data
are used, these methods can be divided into three types: (i) methods
based on generative adversarial networks (GANs), (ii) methods based
on self-labeling techniques and (iii) methods based on self-supervised
representation learning.

In Guo et al. (2020), Roy et al. (2018) and Zhan et al. (2017),
GANs are used to boost the performance of classifier in the semi-
supervised paradigm. In such configuration, the discriminator of GAN
detects not only whether the input images are fake or not but also to
which class each real image belongs. The generator still generates fake
images from noise vectors. In Singh and Bruzzone (2021), a limited
number of training samples are used to perform data augmentation
and the high-quality generated data can be used as training samples
in supervised classification. To exploit unlabeled samples, Han et al.
(2018) utilize a self-labeling technique and label unlabeled data with
the help of a small number of labeled data. After that, samples with
pseudo labels are also used as supervision to achieve desirable per-
formance in scene classification. Some self-supervised feature learning
methods (Tao et al., 2020; Li et al., 2016a, 2017c) can also be catego-
rized as semi-supervised methods. Tao et al. (2020) demonstrate that
self-supervised learning is suited to remote sensing scene classification
and analyze the factors that can contribute to better performance of
self-supervised learning in remote sensing. In Li et al. (2016a), two
layers are trained to extract features by a clustering algorithm and the

support vector machine (SVM) algorithm is used to classify the learned
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features. In Li et al. (2017c), both unsupervised deep networks and
fully connected networks are used together to extract features from
unlabeled data by achieving accurate results.

4.1.3. Domain adaptation deep learning for scene classification
As already mentioned, RSBD can greatly vary due to the differences

in the sensors, in the acquisition conditions and so on Tuia et al. (2021).
Typically, deep learning methods can reach great performance only
when the testing and training samples belong to a similar domain.
Otherwise, the performance deteriorates significantly. However, since
collecting sufficient labeled samples for every new applications is not
realistic, a possible solution is to utilize the existing datasets, which are
not from the same domain as the target samples, and make the methods
more robust across different domains (Tuia et al., 2021).

Domain adaptation deep learning aims at learning knowledge from
the source domain and applying the learned knowledge to the target
domain to achieve desirable performance under the condition of lack
of labels in the target domain samples. In the field of CV, domain
adaptation in deep learning has achieved considerable results (Wang
and Deng, 2018; Hong et al., 2018). In Das and Chandran (2021),
CNNs are trained by a source domain dataset and then used to initial-
ize the classifier. The initialized classifier is fine-tuned on the target
domain. In Wei et al. (2021), several classifiers are fused with adaptive
weights, under the assumption that different classifiers can achieve
robust domain adaptation. In Lu et al. (2020b), Lu et al. address the
problem of having in the source domain dataset only some of classes
in the target domain. To solve this problem, a classifier complement
module is proposed to align classes from multiple sources. In order
to align the source and the target domains, in Song et al. (2019), a
modified CNNs architecture is proposed and a new layer is added to
the network.

4.1.4. Low-shot deep learning for scene classification
There is still a category of problem that can be categorized as

weakly supervised learning, namely low-shot learning. Collecting sam-
ples of rare classes is difficult (Long et al., 2017) and labeling many
samples of emerging classes sometimes can be unaffordable (Guo et al.,
2017). As a solution, low-shot learning aims at classifying images of
novel classes which have few or even no labeled training samples
by utilizing the auxiliary knowledge and base datasets which have
labeled samples that do not overlap with novel classes. Both base
datasets, which consist of no target classes, and the auxiliary knowl-
edge is regarded as weakly supervised information in this review.
According to the number of samples available for novel classes, the
low-shot learning can be classified into two types: (i) zero-shot and (ii)
few-shot.

In remote sensing, there are already some works on zero-shot learn-
ing (Li et al., 2021j; Song and Xu, 2017; Li et al., 2017d; Sumbul et al.,
2017; Quan et al., 2018; Li et al., 2020b, 2021c). In Li et al. (2017d),
the auxiliary knowledge is the textual information and the word2vec
model is utilized to map both the seen classes and the unseen classes
into the same semantic space. A generative framework is proposed
in Song and Xu (2017) to construct a feature space used to understand
target classes which do not exist in the training samples. As shown in
Fig. 4, (Li et al., 2021j) proposes a novel locality-preservation deep
cross-modal embedding networks (LPDCMENs). The quality analysis
for zero-shot scene classification can be seen in Table 2. The zero-shot
learning is used in Sumbul et al. (2017) to solve the problem of fine-
grained object recognition. Quan et al. (2018) employ the algorithm of
semi-supervised embedding to make the class structure more consistent
with visual space prototypes.

Some researchers have been pursuing for few-shot learning. Alajaji
et al. (2020), Cheng et al. (2021a) and Zhang et al. (2021a) adopt
metric-based methods. These methods calculate the distance between
the query set and the support set. In contrast to the original prototypical
networks, (Cheng et al., 2021a) proposes Siamese-prototype network
that shows outstanding performance and Zhang et al. (2021a) adopts
a meta-learning strategy which makes the model more effective in a
7

few-shot setting.
4.1.5. Other methods
Many scene classification datasets are single-label, namely only one

category is identified for each sample, and many scene classification
methods share the same assumption that every input image contains
merely only one kind of objects. In practice, it is more common that
there are various categories in one scene and a single label is not
sufficient to describe such complex scenes. To cope with the multi-
label problems, a huge multi-label dataset is essential especially for
deep learning-based methods. However, it takes ten times longer to
assign multiple labels to one image than to assign a single label (Hua
et al., 2021). An alternative solution is to learn the multi-label tasks
from the plenty of existing single-label datasets. We consider this as a
type of weakly supervised learning which utilizes inexact supervision
information. So far, the only paper (Hua et al., 2021) solves such
problem in remote sensing. Hua et al. (2021) propose a novel method
using the existing single-label datasets combined with a small amount
of multi-label samples to train a deep networks, which alleviates the
lack of high-quality multi-label datasets in remote sensing (Singh and
Bruzzone, 2021).

4.2. WSDL-based remote sensing object detection

Object detection aims at locating all objects of interest in the input
images and assigning categories to the detected objects. This task is
more challenging than scene classification. Generally, for the deep
learning-based object detection methods, the training data should be
labeled with bounding boxes that outline all objects. Compared with
the natural images, images in remote sensing usually contain smaller
objects with arbitrary orientation, and the background is more com-
plex. Therefore, labeling all the interest objects with bounding box is
time-consuming and weakly supervised learning is also needed to cope
with this problem. As illustrated in Fig. 5, apart from deep learning
under image-level supervision for object detection (Li et al., 2018b;
Zhang et al., 2016a; Wu et al., 2020; Chen et al., 2020b), there are
also other types of methods that are regarded as weakly supervised
object detection, including domain adaptation object detection (Pan
et al., 2017; Chen et al., 2018b, 2021a), semi-supervised object detec-
tion (Weinstein et al., 2019; Xue and Tong, 2019; Gao et al., 2018) and
low-shot object detection (Chen et al., 2019a). To facilitate reproducing
related methods, datasets for weakly supervised object detection in
remote sensing are listed in Table 3.

4.2.1. Deep learning under image-level supervision for object detection
Instead of labeling all objects contained in one remote sensing im-

age, the image-level supervision only gives the information of whether
objects of a certain category are present or not. Obviously, it greatly
reduces the cost of labeling and makes it possible to leverage the
large number of existing scene classification datasets to complete the
object detection tasks. Meanwhile, compared with bounding box labels,
image-level labels contain less information. Thus, deep learning models
will be learned with less robustness. Some efforts have been made
to bridge the gap between bounding box supervision and image-level
supervision in remote sensing. There have been some works on object
detection under image-level supervision in remote sensing (Li et al.,
2018b; Zhang et al., 2016a; Chen et al., 2020b; Wu et al., 2020;
Zhou et al., 2016a; Feng et al., 2020; Zhang and Ma, 2021; Qiao
et al., 2020; Yao et al., 2020; Aygunes et al., 2021; Kellenberger et al.,
2019). Most of these methods exploit the class activation maps (CAMs)
to locate the interest objects coarsely and then refine the detected
regions (Zhou et al., 2016b). Li et al. (2018b) utilize image-level labels
to train classification networks which can be used to generate the CAMs
indicating salient regions. This paper exploits the similarity constraints
within the samples of the same class as shown in Fig. 6. Finally, object
detection is conducted on segmented salient maps. Wu et al. (2020),
Qiao et al. (2020) adopt a similar method to undertake object detection

by using CAMs and threshold segmentation. Yao et al. (2020) introduce
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Fig. 4. The architecture of the zero-shot scene classification method. In this figure, LPE-V and LPE-S mean the locality-preservation constraint for visual samples and the semantic
representations respectively. CMM-CD and CMM-ED denote the cross-modal matching constraint. DBC and VMC denote the latent feature regularization constraint.
Table 2
Quality analysis for zero-shot scene classification (Li et al., 2021j).

Knowledge type General knowledge Domain knowledge

Seen/unseen ratio 40/30 50/20 60/10 40/30 50/20 60/10

SAE (V→ S) (Kodirov et al., 2017) 0.096 ±0.014 0.137 ±0.017 0.235 ±0.042 0.088 ±0.013 0.124 ±0.019 0.220 ±0.017
SAE (S→ V) (Kodirov et al., 2017) 0.052 ±0.014 0.095 ±0.016 0.167 ±0.041 0.050 ±0.013 0.080 ±0.023 0.168 ±0.044
DMaP (Li et al., 2017e) 0.104 ±0.009 0.167 ±0.022 0.260 ±0.036 0.100 ±0.008 0.156 ±0.019 0.164 ±0.019
SPLE (Tao et al., 2017) 0.098 ±0.014 0.132 ±0.019 0.201 ±0.037 0.083 ±0.020 0.132 ±0.026 0.190 ±0.038
CIZSL (Elhoseiny and Elfeki, 2019) 0.060 ±0.012 0.106 ±0.037 0.206 ±0.004 0.062 ±0.021 0.103 ±0.019 0.204 ±0.041
ZSRSSC-GP (Li et al., 2017d) 0.047 ±0.003 0.083 ±0.007 0.148 ±0.004 0.046 ±0.004 0.074 ±0.003 0.141 ±0.016
ZSRSSC-SE (Quan et al., 2018) 0.121 ±0.077 0.152 ±0.010 0.267 ±0.053 0.131 ±0.030 0.183 ±0.013 0.293 ±0.038
LPDCMENs (Li et al., 2021j) 0.158 ±0.029 0.197 ±0.036 0.342 ±0.090 0.216 ±0.038 0.249 ±0.037 0.438 ±0.073
8
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Fig. 5. Overview of weak supervision in the task of object detection.
Table 3
Datasets for weakly supervised object detection in remote sensing.

Datasets Description Supervision type Download link

WSADD (Wu et al., 2020) 600 samples with image-level
labels;300 samples with
bounding box labels

Image-level supervision for
object detection

ISAR dataset (Xue and Tong,
2019)

11000 samples with key
points annotations

Semi-supervision for object
detection

Modified DOTA (Chen et al.,
2021a)

Source domain: 834 samples
with original images and
labels from DOTA dataset
(Ding et al., 2021);target
domain: 1112 samples with
brightness reduction
processing from DOTA dataset

Domain adaptation for object
detection

https://captain-whu.
github.io/DOTA/index. html

Vehicle Dataset (Chen et al.,
2019a)

12495 samples of 16
classes;12 categories as seen
classes;4 categories as unseen
classes

Zero-shot supervision for
object detection

Modified DIOR (Cheng et al.,
2021b)

23463 samples of 20 classes
from DIOR (Li et al., 2020c);5
categories as novel classes;15
categories as base classes

Few-shot supervision for
object detection

www.escience.cn/people/
JunweiHan/DIOR.html
9
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Fig. 6. Weakly supervised object detection method under image-level supervision.
Table 4
Quality analysis for object detection under image-level supervision (Yao et al., 2020).

Method Airplane Ship Storage tank Baseball diamond Tennis court Basketball court Ground track field Harbor Bridge Vehicle mAP

Fast-RCNN (Girshick, 2015) 0.9091 0.9060 0.8929 0.4732 1.0000 0.8585 0.8486 0.8822 0.8029 0.6984 0.8272
RICNN (Cheng et al., 2016) 0.8871 0.7834 0.8633 0.8909 0.4233 0.5685 0.8772 0.6747 0.6231 0.7201 0.7312
RCNN (Girshick et al., 2013) 0.8537 0.8888 0.6278 0.1973 0.9066 0.5823 0.6795 0.7987 0.5422 0.4992 0.6576
Transfer CNN (Li et al., 2017a) 0.6603 0.5713 0.8501 0.8093 0.3511 0.4552 0.7937 0.6257 0.4317 0.4127 0.5961
COPD (Cheng et al., 2014) 0.6225 0.6937 0.6452 0.8213 0.3413 0.3525 0.8421 0.5631 0.1643 0.4428 0.5488
WSDDN (Bilen and Vedaldi, 2016) 0.3008 0.4172 0.3498 0.8890 0.1286 0.2385 0.9943 0.1394 0.0192 0.0360 0.3512
OICR (Tang et al., 2017) 0.1366 0.6735 0.5716 0.5516 0.1364 0.3966 0.9280 0.0023 0.0184 0.0373 0.3452
PCL (Tang et al., 2018) 0.2600 0.6376 0.0250 0.8980 0.6445 0.7607 0.7794 0 0.013 0.1567 0.3941
MELM (Wan et al., 2018) 0.8086 0.6930 0.1048 0.9017 0.1284 0.2014 0.9917 0.1710 0.1417 0.0868 0.4229
DCL (Yao et al., 2020) 0.7270 0.7425 0.3705 0.8264 0.3688 0.4227 0.8395 0.3957 0.1682 0.3500 0.5211
the curriculum learning into the weakly supervised object detection
and achieve accurate performance. Kellenberger et al. (2019) combine
the weak and full supervision, which means that not only a small part
of fully labeled samples but also the rest of samples with image-level
labels contribute to training deep models.

To intuitively visualize performance of the existing achievements,
a comparison of different object detection methods under image-level
supervision is listed in Table 4. Experiments show that the results can
be competitive with fully supervised methods.

4.2.2. Semi-supervised deep learning for object detection
In remote sensing, some works apply the semi-supervised learning

to object detection in order to alleviate the lack of high quality labeled
datasets. In the semi-supervised learning, we only need to label with
high-quality small amount of samples. However also in this case, such
10
small labeled data are not sufficient to train deep networks. While ob-
taining labeled data is difficult, it is much easier to get a large number
of unlabeled data filling in missing information during training. One
intuitive method is to extend the labels of a few labeled data to other
unlabeled data. One type of semi-supervised methods in object detec-
tion for remote sensing is the co-training strategy. Gao et al. (2018)
adopt such strategy to implement a semi-supervised object detection
task. They propose a co-training method to train two classifiers and
predict the labels of the unlabeled samples. The predictions with high
confidence are added to the labeled set and used in the later training
of object detection networks. Another solution is to utilize a robust
loss function to achieve better performance under weak supervision.
In Xue and Tong (2019), both samples with key point annotations
and unlabeled samples are used to train the object detection networks.
A pairwise-ranking loss is exploited to process the weak key point
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Fig. 7. Overview of weak supervision in the task of semantic segmentation.
annotations and a triplet-ranking loos is exploited to process unlabeled
data according to this work. Unlike the previous methods that mine
information from both unlabeled and labeled data, Weinstein et al.
(2019) leverage light detection and ranging (LIDAR) data to recover
the initial labels of plenty of unlabeled data in the task of tree-crown
detection task and obtain the desirable performance.

4.2.3. Domain adaptation deep learning for object detection
Considering that the acquisition of vast training samples with bound-

ing box labels is somewhat difficult, labeling just a few samples is
an acceptable option. However, as aforementioned, such few labeled
samples are not sufficient to accomplish this task, especially for deep
learning methods where the models contain many parameters. Do-
main adaptation can address the insufficiency of labeled samples. By
transferring the knowledge learned in the source domain to the target
domain. Compared with source domain, images in the target domain
have related but different features. Therefore, using samples from the
source domain directly as auxiliary supervision for the target domain
can lead to a reduction of performance. Domain adaptation object
detection methods bridge the gap between two different domains. The
methods in Pan et al. (2017) and Chen et al. (2018b) adopt the same
strategy. Firstly a deep network is learned from the source domain
which has a sufficient number of samples. Then a small number of
target domain samples is used to fine tune the trained model. Chen
et al. (2021a) not only consider the diversity between different datasets
but also the difference between the training and test datasets. In this
regard, a novel domain adaptation faster R-CNN algorithm is proposed
to transfer between training and test domains.

4.2.4. Low-shot deep learning for object detection
For CV, there has been a lot of research about few-shot object

detection (Lake et al., 2013; Dixit et al., 2017; Karlinsky et al., 2019;
Wang et al., 2019b; Kang et al., 2019; Chen et al., 2018a; Wang et al.,
2019a; Yan et al., 2019a; Hsieh et al., 2019). But when applied to
remote sensing images, aforementioned methods could not achieve
11
desirable performance. There has been some excellent works on few-
shot object detection in remote sensing (Cheng et al., 2021b; Xiao et al.,
2020, 2021; Li et al., 2021b). In Cheng et al. (2021b), a prototype
learning network is used to learn the prototypes of each class which
contribute to the generation of candidate boxes and boost the detection
performance. In Xiao et al. (2020), a feature attention highlighting
module is proposed to achieve accurate results in a simple way under
the few-shot condition. Li et al. (2021b) introduce the meta-learning
to reweight the feature maps in novel classes. In Xiao et al. (2021), a
self-adaptive attention network is proposed to leverage the knowledge
learned from base classes and apply them to the novel classes. In spite
of many zero-shot object detection methods in CV (Li et al., 2019;
Rahman et al., 2019; Bansal et al., 2018; Yan et al., 2020), research
on the zero-shot object detection in the remote sensing is very scarce
except for this work (Chen et al., 2019a). In Chen et al. (2019a), a
coarse-to-fine framework is proposed which firstly locates the target in
fine-grained features and then recognizes the target in a coarse-grained
manner.

4.3. WSDL-based remote sensing semantic segmentation

Semantic segmentation aims at classifying every pixel in an im-
age and plays an essential role in understanding images. Semantic
segmentation using deep learning techniques usually need pixel-level
annotations and outputs pixel-level predictions. However, pixel-level
annotations are not easy to obtain. In the field of CV, to overcome the
obstacle of acquisition of accurate labels, many methods of semantic
segmentation are proposed leveraging weak supervision information,
including image-level labels (Wei et al., 2016b,a; Zeng et al., 2019;
Shimoda and Yanai, 2016; Wei et al., 2018), bounding boxes (Dai et al.,
2015; Papandreou et al., 2015; Khoreva et al., 2017; Ibrahim et al.,
2020), scribbles (Lin et al., 2016), points (Bearman et al., 2016), which
are illustrated in Fig. 7. The datasets available in remote sensing are
listed in Table 5. These types of labels either already exist in large
numbers or have easy access. As Fu et al. (2018) indicated, the labeling
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Table 5
Datasets for weakly supervised semantic segmentation in remote sensing.

Datasets Description Supervision type Download link

Water dataset (Fu et al., 2018) 9409 samples with pixel-level
and image-level labels

Image-level supervision for
semantic segmentation

Cloud dataset (Fu et al., 2018) 8705 samples with pixel-level
and image-level labels

Image-level supervision for
semantic segmentation

WDCD Dataset (Li et al., 2020a) 206384 training samples with
image-level labels; 30 large
test samples with pixel-level
labels

Image-level supervision for
semantic segmentation

https://github.
com/weichenrs/WDCD

GID-flcs (Tong et al., 2020b) 30000 training samples with
image-level labels; 10 large
test samples with pixel-level
labels

Image-level supervision for
semantic segmentation

https://x-ytong.github.io/
project/GID.html

Points dataset (Zhang et al.,
2021b)

16844 points with true classes
for training; 17600 points
with true classes for test

Point-level supervision for
semantic segmentation

Road center point Dataset (Lian
and Huang, 2021)

240000 road center points for
training

Point-level supervision for
semantic segmentation

Modified crowdai mapping
challenge (Mohanty et al., 2020)

280741 training samples with
horizontal bounding
boxes;60317 validation
samples with pixel-level labels

Box-level supervision for
semantic segmentation

https://www.crowdai.org
/challenges/mapping-
challenge

Potsdam dataset + Vaihingen
dataset (Li et al., 2021g)

Source domain: Potsdam
dataset; Target domain:
Vaihingen dataset

Domain adaptation for
semantic segmentation

https://github.com/te-
shi/MUCSS

SEN12MS (Schmitt et al., 2019) 180662 samples with low
resolution labels

Mixed weak supervision for
semantic segmentation

https://mediatum.ub.tum.
de/1474000

TimeSen2Crop (Weikmann et al.,
2021)

More than 1 million
pixel-based samples of
Sentinel 2 time series
associated to 16 crop types.

Mixed weak supervision for
semantic segmentation

https://rslab.disi.unitn.it/
timesen2crop/
of image-level labels saves at least one hundred times more time than
that of pixel-level labels for natural images.

Since pixel-level annotation of remote sensing images requires ad-
ditional expertise (e.g., identifying thin and thick clouds) or even the
on-ground investigation, the labeling procedure is even more time-
consuming (Reichstein et al., 2019). Therefore, remote sensing image
processing needs weak supervision methods to solve the problem of
pixel-level label shortage. However, directly applying CV methods to
remote sensing imagery cannot achieve desirable performance (Chan
et al., 2021).

4.3.1. Deep learning under image-level supervision for semantic segmenta-
tion

Some of the methods using image-level supervision are based on
the research in Zhou et al. (2016b). This work proposes a method
to extract class activation maps (CAMs) from trained classification
networks which show the most discriminative regions for a given class.
The method establishes a connection between image-level labels and
pixel-level labels and makes it possible to extract spatial information
from a classification network which is exactly what image-level labels
lack.

The CAM-based methods can be summarized into two phases. First,
class activation maps are generated to locate the salient objects. In
this phase, the activation regions may not be able to cover the whole
objects of interest and may generate inaccurate boundaries. Next, the
classification of every pixel is generated based on the CAMs.

In the first phase of CAM-based methods, class activation maps are
typically generated by the last convolutional layer which has a large re-
ceptive field and reflects high-level semantic features. Therefore, due to
its large receptive field, class activation maps probably lose some local
information which is essential to reconstruct the accurate boundaries.
Meanwhile, the scale of objects in the remote sensing images varies
greatly (Fu et al., 2018). The methods extracting activation maps just
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from one layer are not able to handle remote sensing images properly.
To address this, Zhang et al. (2019b) propose to generate multiscale
class-specific activation maps from different convolutional layers of
a trained classification network. And after superpixel segmentation
and low-rank matrix recovery, multiscale saliency maps are fused to
produce pixel-level classification. The method adopted in Fu et al.
(2018) can also be classified as a two phase method. The first step is to
gain saliency maps which combine outputs of different convolutional
layers, which makes this method more suitable for remote sensing
images. Next, the maps are segmented into superpixels to generate new
labels. During the testing stage, the trained network classifies every
pixel. Li et al. (2021h) demonstrate the effectiveness of training a
segmentation network after generating class activation maps. In order
to recover accurate boundaries Chen et al. (2020a) add a superpixel
pooling layer into the network from which the class activation maps
are extracted. Since the superpixel combines pixels based on low-
level shape information, it can make the CAMs more accurate. As
shown in Fig. 8, Li et al. (2020a) exploit a new global convolutional
pooling to train classification models generating CAMs. In the phase of
recovering pixel-level classification from CAMs, instead of training a
new segmentation network, this work proposes a novel local pooling
pruning strategy. All of local poolings are discarded, which makes
CAMs accurate enough to serve as pixel-level classification. Fig. 9 gives
a qualitative comparison of weakly supervised semantic segmentation
methods under image-level supervision.

4.3.2. Deep learning under point-level supervision for semantic segmenta-
tion

Point-level labels, where points are labeled with true classes, in-
dicate not only high-level category information but also information
about the appropriate localization of objects, which contains stronger
supervision than image-level labels. Based on this consideration, Zhang
et al. (2021b) propose a weakly towards strongly (WTS) supervised
learning framework exploiting labeled points as supervision, namely

an image having many labeled points. Given many points with labels,
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Fig. 8. Weakly supervised semantic segmentation method under image-level supervision.
Fig. 9. Qualitative results for image-level supervised semantic segmentation. (a) Test images, (b) corresponding GT, (c) GCM, (d) PRS, (e) CAA, (f) CAM with GAP, (g) CAM with
TSL, (h) CAM with GCP, (i) CAM with GCP + LPP, (j) CAM with GCP + LPP*. The red regions denote the detected cloud regions. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)
SVM is trained to produce initial seed points. After that, to expand the
labeled points, a segmentation model is trained on these seed points.
The conditional random field (CRF) and seeded region growing (SRG)
algorithm are utilized to generate new seed points from the output of
13
trained segmentation network. The seed points are updated by repeat-
ing this process until convergence. Finally, the trained segmentation
model predicts every pixel. Wang et al. (2020) utilize simpler point-
level labels. Instead of labeling many points in an image, every image
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only has one point with true class label, which is more similar to image-
level labels. This work trains a segmentation model directly on labeled
points, masking out other unlabeled points. And in the testing stage,
the trained segmentation model is used to classify every pixel.

For some applications in remote sensing, scribble labels can be more
accessible and suitable than other types of weak supervision, such as
road surface extraction. Scribble labels can be regarded as point labels
with many points for each class. Wei and Ji (2021b) propose a scribble-
based weakly supervised road surface extraction method. The proposed
method firstly generates masks by a road label propagation algorithm
and then, by minimizing the joint loss, a deep model is trained under
the supervision of the generated masks and boundary.

4.3.3. Deep learning under box-level supervision for semantic segmentation
There is another type of weak supervision for semantic segmenta-

tion, namely horizontal bounding boxes for objects of interest. Sub-
stituting bounding boxes for pixel-level labels not only saves labeling
time, but also establishes a bridge between object detection and se-
mantic segmentation. In other words, the outputs of methods of object
detection, which are usually bounding boxes, can supervise the se-
mantic segmentation task to generate pixel-level predictions. On the
basis of this, there are some works (Dai et al., 2015; Khoreva et al.,
2017; Ibrahim et al., 2020) about semantic segmentation under box-
level supervision in the CV field. But in the remote sensing field, little
research has been done in this area except for (Rafique and Jacobs,
2019). Rafique and Jacobs (2019) present a method aiming at bridging
this gap. Typically, in the field of CV, there is the major problem
of overlapping objects for weakly supervised semantic segmentation
exploiting bounding boxes. However, in remote sensing, land cover
segmentation has exclusively one label per region. Based on this fact,
this method generates pixel-level dense masks by applying a Gaussian
distribution to bounding boxes, which can supervise the training of
semantic segmentation networks.

4.3.4. Domain adaptation deep learning for semantic segmentation
Another potential solution to an inadequate number of high-quality

labels is to utilize domain adaptation methods. In fact, there are sev-
eral remote sensing datasets with pixel-level labels. However, due to
different acquisition conditions, the models trained on existing datasets
generally perform badly on target tasks (Li et al., 2021g). The domain
adaptation methods utilize existing datasets with pixel-level labels to
train semantic segmentation models and then transfer them to the
target tasks that we need to solve. There are some works about domain
adaptation learning in the CV (Saito et al., 2018; Tsai et al., 2018).
And some pioneers have introduced this strategy into remote sensing. Li
et al. (2021g) propose a novel loss function exploiting multiple weakly
constraints to learn the cross-domain remote sensing semantic segmen-
tation model, including pseudo-label constraint, rotation consistency
constraint and transfer invariant constraint. The trained model per-
forms well in the target domain. Researchers in (Benjdira et al., 2019; Ji
et al., 2020; Yan et al., 2018, 2019b) utilize the GANs to align the target
and source domains and achieve accurate performance on samples from
the target domain. In Yan et al. (2021), the authors point out that some
unsupervised domain adaptation methods using adversarial learning
neglect the pixels without pseudo-labels. Thus a cross mean teacher
(CMT) method is proposed to exploit not only pixels with pseudo-labels
but also without pseudo-labels.

4.3.5. Deep learning under mixed weak supervision for semantic segmenta-
tion

As Grekousis et al. (2015) summarized, while there are many prod-
ucts of land cover maps in remote sensing, the resolution and accuracy
of these land cover maps vary greatly. In other words, these are poten-
tial supervision for semantic segmentation in remote sensing (Schmitt
et al., 2020) which can also be called weak supervision. Valuable land
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cover products are available both at continental and global scale but
extraction reliable information from these potentially inaccurate and
obsolete maps is challenging (Bruzzone, 2019). Under this situation,
low resolution labels are used as supervision information to train a
robust model and then the robust model produces high resolution pre-
dictions which are consistent with input images. It can be regarded as
a mixture of multiple weak supervision information, including inexact
supervision, which means that low resolution labels are not sufficient
to achieve desirable performance, and inaccurate supervision, which
means even in the low-resolution labels there will be errors. Errors
can also be introduced into the labels by the automatic process of
generation of training dataset (Paris et al., 2021).

4.4. WSDL-based remote sensing change detection

Change detection in remote sensing aims at identifying changed
regions between two or more images over the same area but at different
times and in some cases figuring out the specific change types. Deep
learning based supervised change detection methods generally require
high quality ground truth, which need annotators not only to determine
which category each pixel belongs to but to compare different temporal
images and analyze the changes. Such a process is too time consum-
ing (Peng et al., 2020). In many applications, we need to identify the
change regions as quickly and accurately as possible (e.g., in natural
disaster evaluation Lu et al., 2020a). Therefore, weakly supervised
change detection is very helpful to solve this problem in remote sensing.

In the literature, there exists three types of weakly supervised
change detection methods based on deep learning in remote sens-
ing: (i) semi-supervised deep learning for change detection, (ii) trans-
ferred deep learning for change detection and (iii) deep learning under
mixed weak supervision for change detection. They are illustrated
in Fig. 10. To facilitate conducting the experiments, the datasets for
weakly supervised change detection in remote sensing are summarized
in Table 6.

4.4.1. Semi-supervised deep learning for change detection
There has been several methods to detect change regions by combin-

ing labeled and unlabeled data which can be divided into three types:
graph-based methods, methods based on adversarial framework and
methods based on self-supervised representation learning. In Gong et al.
(2019), a self-supervised representation learning method is presented,
where unlabeled data are used to learn an encoder and then labeled
data and trained encoder are used to train a classifier to predict
change regions. In Liu et al. (2019), a novel unsupervised method is
proposed to perform the change detection. The unchanged data can be
rearranged in the correct order which makes the identification of the
changed pixels easier. In Peng et al. (2020) and Saha et al. (2020b),
an adversarial framework is proposed, which exploits not only labeled
and unlabeled data but also fake data generated by GAN. Then the
adversarial training strategy is used to enhance the performance of
change detection. After obtaining initial prediction maps from labeled
and unlabeled data, two discriminators are utilized to make the fea-
ture distribution of prediction maps consistent between labeled and
unlabeled data. A graph model with GANs is presented in Yang et al.
(2019a) to solve the semi-supervised change detection problems. First,
multi-temporal remote sensing images are transformed into a graph
which contains labeled and unlabeled nodes. Then, the unlabeled nodes
are assigned labels by a graph learning algorithm which learns the
knowledge from labeled and unlabeled nodes. The change regions can
be inferred from the graph. In Malkin et al. (2021), multitemporal
images are encoded as graphs which are processed through GCN and
the information from labeled samples is propagated to the unlabeled
ones. Table 7 gives a comparison between different weakly supervised
change detection methods. Based on the experiments of Peng et al.
(2020), we added two latest semi-supervised change detection (Chen

et al., 2021b; Wang et al., 2022).
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Fig. 10. Overview of weak supervision in the task of change detection.
Table 6
Datasets for weakly supervised change detection in remote sensing.

Datasets Description Supervision type Download link

Modified WHU Building Dataset
(Peng et al., 2020)

1922 pairs of 0.075m-resolution samples from
2012 and 2016;the ratio of labeled samples is set
differently

Semi-supervision for change
detection

https://study.rsgis.whu.
edu.cn/pages/download/
building_ dataset.html

Mixed transfer dataset (Connors
and Vatsavai, 2017)

58514 samples with labels from source
domain;103440 samples without labels from target
domain

Transferred supervision for
change detection

DFC-MSD dataset (Saha et al.,
2020a)

2250 samples with high-resolution images and
low-resolution labels; images: two temporal 1m
-resolution 4-band images from 2013 and 2017,
five temporal 30m-resolution 9-band images from
2013, 2014, 2015, 2016 and 2017; labels: two
temporal 30m-resolution landcover labels from
2013 and 2016

Mixed weak supervision for
change detection

https://dfc2021.blob.
core.windows.net/
competition-data/
dfc2021_index.txt
4.4.2. Transferred deep learning for change detection
Another branch of works in remote sensing change detection exploit

transferred deep learning to solve the scarcity of labeled data. In this
case, knowledge learned from the source domain samples is transferred
to the target domain, which helps fill the missing information. In the
15
field of change detection in remote sensing, the transferred deep learn-
ing mainly adopts model transfer methods, namely training a change
detection model using source domain data in a fully supervised manner
and then exploiting this trained model and target domain unlabeled
data to generate change maps. In Connors and Vatsavai (2017) and
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Table 7
Quality analysis for semi-supervised change detection.

Method Labeled Ratio

5% 10% 20% 50%

F1 OA Kappa F1 OA Kappa F1 OA Kappa F1 OA Kappa

FC-EF-Res (Gao et al., 2019) 0.7715 0.9116 0.7177 0.8145 0.9328 0.7737 0.8451 0.9467 0.8129 0.8561 0.9513 0.8268
FCN-PP (Hou et al., 2017) 0.7694 0.9212 0.7219 0.8110 0.9351 0.7719 0.8475 0.9512 0.8186 0.8539 0.9504 0.8240
Unet++_att (Saha et al., 2020c) 0.7749 0.9297 0.7308 0.8265 0.9448 0.7938 0.8499 0.9502 0.8200 0.8673 0.9577 0.8458
AdvNet (Daudt et al., 2019) 0.7599 0.9238 0.7149 0.8159 0.9404 0.7839 0.8400 0.9483 0.8093 0.8760 0.9584 0.8510
CycleGAN (Lei et al., 2019) 0.7255 0.9191 0.6794 0.7807 0.9315 0.7405 0.8017 0.9338 0.7620 0.8330 0.9450 0.8000
s4GAN (Zhou et al., 2018) 0.8174 0.9425 0.7836 0.8493 0.9501 0.8194 0.8557 0.9523 0.8272 0.8772 0.9593 0.8528
SemiCDNet (Peng et al., 2020) 0.8290 0.9434 0.7960 0.8528 0.9517 0.8240 0.8657 0.9559 0.8403 0.8774 0.9595 0.8538
CPS (Chen et al., 2021b) 0.7459 0.9207 0.7033 0.8081 0.9330 0.7604 0.8221 0.9407 0.7859 0.8420 0.9483 0.8179
UPL (Wang et al., 2022) 0.8100 0.9395 0.7743 0.8437 0.9475 0.8060 0.8514 0.9519 0.8259 0.8636 0.9574 0.8360
Hung et al. (2018), a similar strategy is adopted in which pre-trained
models are fine-tuned by target domain data. In Mondal et al. (2019),
the deep network is pretrained under a natural image dataset and then,
by utilizing representations generated from the pre-trained CNN, the
binarized change maps are obtained by using the salient change region
which is generated by using low-rank decomposition and a simple
threshold segmentation method. In Mittal et al. (2019), a novel unsu-
pervised change detection method is proposed which can effectively
model contextual information and handle the large number of bands
by grouping spectral bands into spectral-dedicated band groups.

4.4.3. Deep learning under mixed weak supervision for change detection
The available open source high-resolution change detection datasets

are very scarce. However, in remote sensing, there are some existing
landcover products, e.g., 30 m national land cover database (NLCD)
in the United States and 500 m moderate-resolution imaging spectro-
radiometer (MODIS) land cover (Saha et al., 2020a). These products
do not mark out the change regions directly. Change labels can be
produced by comparing landcover maps at different times. But the
generated labels in this way are noisy at low-resolution and the re-
sult contains many errors. The 2021 IEEE GRSS Data Fusion Con-
test (Saha et al., 2020a) proposes to train high-resolution change
detectors with the input of high-resolution images and the supervision
of low-resolution landcover labels. This kind of weak supervision con-
tains inaccurate and inexact supervision and therefore is called mixed
weak supervision. And after the contest (Saha et al., 2020a), we believe
more and more researches will be made on this field.

5. Potential research directions

Along with the advancement of multiple fundamental research di-
rections such as CV, machine learning and knowledge engineering,
there are still some potential research directions that are promising
in the field of WSDL-driven RSBD mining. Several potential research
directions are discussed in the following.

5.1. Domain knowledge-guided weakly supervised deep learning

As the classical representative of data-driven methods, deep learn-
ing has achieved great progress compared with previous traditional
methods in many fields. Inevitably, data-driven technique relies heavily
on the given data and is susceptible to low-quality data particularly
when the supervision is weak and incomplete. Leveraging the domain
knowledge in the remote sensing is a potential solution to make up
for the weak supervision. For example, as (Karniadakis et al., 2021)
summarizes, additional information from enforcing the physical laws
and constraints can be integrated with data to improve both the accu-
racy and the reliability. The prior domain knowledge may compensate
for the lack of required information due to the weak supervision in
the WSDL. As another research hotspot in the deep learning, knowl-
edge graphs (Sarker et al., 2017; Andrés S. Arvor et al., 2017; Amiri
and Farah, 2018) work by representing the domain concepts and
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relationships as a collection of triples and have strong knowledge
representation capabilities and semantic reasoning capabilities. How-
ever, how to construct remote sensing knowledge graphs and apply
knowledge graphs to WSDL still need much more exploration.

5.2. Multi-modal data classification by weakly supervised deep learning

Compared with full supervision, weak supervision naturally con-
tains less information which can cause undesirable performance. Multi-
modal data can provide richer information to some extent, which means
that multispectral, hyperspectral, SAR, multitemporal and multangular
images acquired over the same scene can be used together in the weakly
supervised methods (Gómez-Chova et al., 2015). However, images in
different modalities present different characteristics. For example, typ-
ically, hyperspectral samples have higher spectral resolution but lower
spatial resolution compared with optical samples. Even the imaging
mode of sensors can be totally different such as in radar and optical
images. These factors significantly hinder the fusion of multi-modal
samples and make it difficult to reach the expected performance. Fur-
thermore, social media data can also be utilized to fill the information
which the earth observation instruments miss due to the limitations in
the spatial and temporal resolutions, especially in the applications that
need real-time response (Li et al., 2021e). There has been a lot of works
about fusing multi-modal data in Gibril et al. (2018), Rasti et al. (2017),
Matasci et al. (2015), Ghamisi and Höfle (2016), Rosser et al. (2017)
and Huang et al. (2018), but rare methods consider fusing multi-modal
data using WSDL.

5.3. Generalized representation learning by self-supervised constraints

The aforementioned weakly supervised methods, including semi-
supervised learning, domain adaptation learning and so on, can reduce
the cost of labeling to some extent. But these methods are difficult
to be applied in general tasks (Li et al., 2021d). Even for the do-
main adaptation methods, the performance may be poor when the
gap between target and source domains is too large. To solve these
problems, self-supervised learning can be a fairly good choice. In such
methods, first, the parameters of deep networks are learned from plenty
of unlabeled data which can cover global areas, multi-resolution, multi-
season and multi-spectral images (Li et al., 2021d). Then, the initialized
networks are transferred to specific tasks with just a limited number
of labeled data (Jing and Tian, 2020). In remote sensing, the existing
self-supervised learning methods (Chen and Bruzzone, 2021) are very
scarce and mainly focus on scene classification (Zhao et al., 2020;
Stojnic and Risojevic, 2021). How to employ self-supervised learning
in different remote sensing tasks needs more study.

5.4. Automatic vectorization mapping by error-tolerant deep learning

As vector maps play an important role in survey and remote sensing,
automated vectorization mapping has attracted much attention from
the researchers (Sirmacek and Unsalan, 2008; Zhang, 1999). However,
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these traditional methods cannot achieve desirable results. With the
help of deep learning (LeCun et al., 2015), vectorization mapping
can reach high performance. Typically, there are two steps before
obtaining vector maps, i.e. segmentation and vectorization (Wei and
Ji, 2021a). But compared with vector maps, the segmentation maps
are less accurate at the edges of objects in the regions of interest.
That means, there are many errors in the input data for vectorization.
Obviously, the noisy data can significantly affect the performance of
vectorization. The error-tolerant deep learning can be an alternative
solution. There have been some works about automated vectorization
mapping techniques (Wei and Ji, 2021a; Chen et al., 2021c), but how
to combine the vectorization and error-tolerant learning need further
exploration.

5.5. Global land-cover mapping by weakly supervised deep learning

High-quality global land-cover maps are very important for humans
to understand the state of the Earth surface (Robinson et al., 2021).
For example, the global land-cover maps are used as the input for
many global circulation models for global climate simulations (Mora
et al., 2014). In the RSBD era, the increasing remote sensing data
and the emerging deep learning methods make it possible to generate
the global maps. However, the state-of-the-art classification methods
mostly adopt the fully supervised techniques, which means that large
number of labels for each remote sensing image is needed. Collecting
sufficient labeled data is unaffordable, especially for large-scale map-
ping (Robinson et al., 2021). That is exactly what WSDL can solve.
In the contest (Robinson et al., 2021), low-resolution global maps are
used as the weak supervision and high-resolution land-cover maps are
generated. And Li et al. (2021a) utilize the representation learning to
update the global land-cover maps from the old ones more generally.
Hence, WSDL can be expected to be a promising solution to generate
the global landcover product. In Paris et al. (2021), an interactive strat-
egy combining the active learning and self-paced learning techniques
is proposed to greatly reduce the need for manually labeling.

5.6. Small object recognition by weakly supervised deep learning

For deep learning methods, sufficient and high-quality data are
essential to achieve the great performance. However, in many appli-
cations (e.g. detection of hot spots, military applications, etc.), high-
quality samples are scarce and we must train networks under a small
training set (Yang et al., 2019b), which can lead to poor results and
overfitting. In this situation, the preferable solution is transfer learning
which can learn parameters from plenty of source domain samples and
transfer them to the target domain. Moreover, in many applications,
the objects of interest are typically small and difficult to identify as
they are affected by noise. Even a small amount of noise can greatly
influence small object recognition due to the size of objects. Although
there has been some works about small target detection (Li and Zhang,
2018; Li et al., 2016b; Dong et al., 2019), how to learn robust networks
under various noise conditions (e.g. speckle) for small objects detection
deserves further researches.

6. Conclusion

With the arrival of RSBD era, the data acquisition technology de-
velops fast and the volume, variety and velocity of remote sensing
data increase rapidly, while the ability of processing such data still
remain relatively backward and the acquisition of labels supervision
is very laborious. In this review, the challenges and opportunities of
information extraction from RSBD have been illustrated and discussed.
After that, the concrete achievements of WSDL have been systemati-
cally reviewed for four major tasks in remote sensing, including scene
classification, change detection, object detection and semantic segmen-
tation. Different approaches have been presented and the advantages
and disadvantages analyzed. In order to facilitate researchers to identify
open challenges in WSDL, some potential research directions about
17

WSDL in remote sensing have been introduced and discussed.
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