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Abstract: Artificial intelligence is applied to many fields and contributes to many important applica-
tions and research areas, such as intelligent data processing, natural language processing, autonomous
vehicles, and robots. The adoption of artificial intelligence in several fields has been the subject of
many research papers. Still, recently, the space sector is a field where artificial intelligence is receiving
significant attention. This paper aims to survey the most relevant problems in the field of space
applications solved by artificial intelligence techniques. We focus on applications related to mission
design, space exploration, and Earth observation, and we provide a taxonomy of the current chal-
lenges. Moreover, we present and discuss current solutions proposed for each challenge to allow
researchers to identify and compare the state of the art in this context.

Keywords: space exploration; mission design; Earth observation; machine learning; deep learning;
reinforcement learning

1. Introduction

Over the past 60 years, artificial intelligence (AI) has been used in several applications,
such as automated reasoning, intelligent systems, knowledge representation, and game the-
ory, to cite some famous examples. However, recent advances in computational power, the
number of available data, and new algorithms have highlighted that Al can have a crucial
role in the digital transformation of society and must be a priority for any country. For this
reason, the research community has devoted much effort to designing and developing new
Al techniques in many strategic fields such as cybersecurity, e-Health, military applications,
and smart cities.

The importance of Al is witnessed by the numerous survey papers describing recent
advances in Al in almost all fields. However, we have found that in recent years, Al has
been strongly exploited in an important field that is not covered by any specific survey:
space applications. This field includes technologies for space vehicles (spacecraft, satellites,
etc.) and their communications and services for terrestrial use (weather forecasting, remote
sensing, etc.).

In all these cases, using Al-based solutions has given and can give many advantages.

To the best of our knowledge, no survey published in the last ten years has focused on
this topic. Indeed, Reference [1] focuses only on a specific branch of Al (i.e., robotics) and
provides a survey on robotics and autonomous systems for space exploration. Reference [2]
is limited to an interesting but very specific field of space applications, which concerns
satellite communication. The only survey remotely related to this topic is Reference [3],
which focuses on the following specific topics: autonomous planning and scheduling
of operations, self-awareness, anomaly detection, on-board data analysis, and on-board
operations and processing of Earth-observation data. However, these topics represent a
specific and limited aspect of space applications (this paper received 12 citations after more
than two years since its publication).

In this paper, we provide a survey of the current challenges in space applications and
discuss the most relevant state-of-the-art proposals. In order to present a self-contained
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discussion on the topic, we start by briefly introducing the major branches of Al exploited
in this field. Then, we identify thirteen challenges related to space applications, grouped
into three main categories: mission design and planning, space exploration, and Earth
observation. Each challenge is defined and discussed, and the most effective Al-based
solutions proposed in the literature are presented. To collect all relevant papers on this
topic, Google Scholar archive was used, and we searched for the terms “space applications”
and “artificial intelligence”. We extended this search, also substituting the term artificial
intelligence with its main branches (such as machine learning and neural networks). These
searches resulted in more than 200 papers, which were filtered by excluding unpublished
papers (e.g., theses) or published by low-relevance publishers. Then, we excluded papers
considered out of scope for this survey after a manual check. This resulted in more than
one hundred papers published in the last five years (2017-2022): these papers are presented
and discussed as solutions for space application challenges. The organization of this paper
allows the reader to both find the most recent solutions proposed for a given problem and
to identify the problems in which a given Al-based technique has been exploited.

The structure of the paper is as follows. In Section 2, we briefly provide the background
on Al needed to classify the different techniques. Then, in Section 3, we present the current
challenges in space applications that Al is helping to address. In Section 4, we discuss the
most recent solutions proposed for addressing each challenge. In Section 5, we provide a
high-level discussion about the problems and the solutions from recent years in the field of
space applications. Finally, in Section 6, we draw our conclusions.

2. Background on Al

This section briefly describes the major branches of Al exploited in the literature to
solve problems in space applications. These techniques are divided into macro-categories.
The first category is one of the most common forms of machine learning: supervised
learning. This type of algorithms trains on labeled datasets to predict and classify new
input data [4]. A typical application of supervised learning regards image recognition, in
which a set of labeled images are received, and the models can learn to distinguish common
attributes. An example of a supervised learning technique is the support vector machine [5],
a linear model used for classification and regression problems. This algorithm generates
a line that separates the data into classes. Another technique is random forest, whose
algorithm builds decision trees on different samples, also made of continuous variables,
and calculates their majority occurrence for classification and average for regression [6,7].
A second category is unsupervised learning, in which algorithms learn by unlabeled
data and can discover hidden patterns without any human intervention in data cata-
loging [8]. Clustering is an unsupervised learning technique that aims to find groups or
clusters in a feature based on their similarities or differences. There are several clustering
algorithms: for example, K-means clustering [9] is used mainly for image segmentation
compression, market segmentation, or document clustering. This algorithm assigns data
points into K clusters, where K is the number of groups based on the distance from each
cluster. Another interesting unsupervised learning technique is dimensionality reduction,
whose aim is to reduce the complexity of a problem. It is exploited to reduce the number of
random variables under consideration by transforming data from a high-dimensional space
into a low-dimensional space to optimize the meaningful properties of the original data.
Semi-supervised learning stands between supervised learning and unsupervised
learning and is a combination of them [10]. These algorithms involve a small number
of labeled data and many unlabeled data. They learn from the labeled data and extract
knowledge from the unlabeled data. An example is a document classifier where it is
impossible to find many labeled text documents. A small number of labeled training data
are used to train the model and, again, an unlabeled training dataset to predict the outputs.
Reinforcement learning is a quite different approach from the previously described
paradigms because it does not require a labeled dataset or a supervisor. Instead, it consists of
an agent able to observe and experiment in a complex environment where the agent learns
the optimal behavior through interactions and obtains the maximum reward. Therefore,
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any problem in which an agent must interact with an uncertain environment to meet a
specific goal can be a potential application of reinforcement learning [11]. For this reason,
this technique is widely used in robotics and autonomous driving.

Neural networks are a subset of machine learning that try to mimic how biological
neurons communicate with each other. Neural networks learn from large numbers of data,
discovering intricacies while attempting to simulate the behavior of the human brain. The
backpropagation algorithm is the basis of how the model changes its internal parameters
that are used to compute the representation in each layer from the representation in the
previous layer [12].

Convolutional neural networks (CNNs) are mainly used to analyze visual images.
CNN s are structured as a series of stages: the first few stages are composed of two types
of layers, named convolutional layers and pooling layers. These layers act as a feature
extraction tool to derive the base-level features from the images fed into the model. Then,
the fully connected layer and the output layer, which are the final stages, use the feature
extraction layers” output and predict a class for the image depending upon the features
extracted. These networks are designed to process data in multiple arrays, including
language, images or audio spectrograms, video, or volumetric images.

Recurrent neural networks (RNNs) are used to interpret sequential and temporal
information. These networks can analyze time series, audio, text, and speech with the more
profound understanding of a sequence they allow. RNNss process an input sequence one
element at a time, maintaining information about the history of all the past elements of
the sequence [13]. Furthermore, recurrent networks can compress the whole history into
low-dimensional space and form short-term memory [14].

Deep learning is a branch of Al implementing computational models composed of
multiple processing layers able to learn representations of data with multiple levels of
abstraction [13]. Generally, neural networks and deep learning are improving the state of
the art in image recognition, speech recognition, and natural language processing.

Natural language processing (NPL) [15] focuses on the analysis of language structure
in order to develop systems for speech synthesis and recognition. These systems are applied
in several applications where a machine can understand fundamental human interactions,
such as translation engines, robot assistants, and sentiment analysis.

Furthermore, fuzzy logic reflects human reasoning in making decisions and includes all
the intermediate possibilities between digital values of yes or no [16]. This technique represents
uncertain information by analyzing how much the hypothesis is true. Key application areas
of fuzzy logic are automotive systems and electronic and environmental devices.

We conclude this background on Al branches by introducing expert systems (ESs).
Originally defined as computer programs able to solve complex problems, ESs can replace
human experts in decision-making. These systems extract knowledge stored in their
knowledge base and are called experts because they contain the expert knowledge of
a specific domain and can solve any complex problem. The performances improve by
increasing the amount of knowledge available, as well as the accuracy and efficiency [17].
An ES responds to any complex query in a brief period and in a human-understandable
way. Indeed, it takes inputs in human language and provides outputs in the same form.

The techniques presented above will be referred to in the following sections as they
are used to solve space application problems.

3. Challenges in Space Applications

In this section, we discuss and analyze the current challenges in space applications
that Al is helping to address.

Over the years, humans have tried to address several challenges in space and for space.
In this process, the collaboration between humans and machines, along with enabling
and innovative technologies, has been crucial and has made discoveries and innovation
possible. If, on the one hand, there is a necessity to expand the presence of humans in space,
on the other hand, it is the task of humans to manage the constraints of in-space resources.
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Therefore, all efforts lead to two common goals: (i) to push toward space exploration
and scientific discoveries; (ii) to improve life on Earth. Human beings play an essential
role in all this, such as specialists who work on the objectives of space missions, astronauts
who experience challenging conditions in space, and ordinary citizens involved in the
achievement of these challenges, particularly those of improving life on Earth.

In this survey, we have investigated the above challenges, starting from the mission
execution level. We live in the age of the Internet of Everything, where connections between
objects enable services and improve processes. Indeed, in designing and planning a space
mission, several connected entities collaborate to carry out the mission, including robots in
space, smart architecture and construction in space, wearable devices, and apps [18].

Such systems work through data and, at the same time, produce data in large quantities.
For example, these data concern satellites’ critical and vital conditions, so it is necessary to
work on systems capable of generating reliable responses to these parameters. Furthermore,
it is necessary to identify tools to improve access to information in the mission-design and
planning phases to manage the information necessary for its success. These tools are called
design engineering assistants and can support decision-making for complex engineering
problems such as initial input estimation, assisting experts by answering queries related to
previous design decisions, and offering new design options.

For the success of a mission, the psycho-physical conditions of the astronauts are
crucial. Some challenges regard the mitigation of adverse effects of space environments
on human physical and behavioral health with the help of intelligent assistants able to
optimize human performance in space or provide helpful information on the health of
astronauts. On the mission object level, we come to the challenges linked to reducing the
threat to spacecraft from natural and human-made space debris and developing capabilities
to detect and mitigate the risk of these objects as possible catastrophic threats to Earth.
For this reason, it is necessary to seek solutions that are able to improve the accuracy
and reliability of space situational awareness (SSA) and space surveillance and tracking
(SST) systems.

Concerning space exploration, the community requires more reliable and accurate
techniques to learn about the universe and collect, analyze, and distribute information.
For example, robot exploration needs to be enhanced by tools to produce better maps of
planets’ surfaces. These tools can also enhance the accuracy of technologies used to observe
planetary bodies.

Space applications can help improve its condition and future directions for life on
Earth. The main challenge is developing systems and technologies that can detect, analyze,
and support decision-making in high-stress situations on Earth, such as emergencies and
disasters, thanks to data or images coming from satellites. The applications are broad and
include Sustainable Development Goals [19] that have to be carried out according to the
2030 Agenda: improving life on the land, estimating and reducing the effect of climate
change, protecting the biodiversity on Earth, and assisting in clean water and atmosphere.

We discuss such challenges in terms of three main categories, which are presented in
the following sections.

3.1. Mission Design and Planning

The design and plan of a mission require incredible knowledge and expertise from all
the human and computer assets involved, and Al can help manage information, knowledge,
procedures, and operations during a space mission.

The first use of Al in mission design and planning regards the knowledge gathered
by previous missions, which, in most cases, is not fully accessible. Therefore, researchers
are working on designing an engineering assistant to gather and analyze relevant data and
produce reliable answers to save many human work hours. Daphne is an example of an
intelligent assistant that is used for designing Earth observation satellite systems [20,21],
which can assess the strengths and weaknesses of architectures proposed by engineers and
answer specific design problems using natural language processing. This system relies
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on a historical database of all Earth-observing satellite missions, domain-specific expert
knowledge associated with this field, and information extracted from data mining in the
current design space.

Another challenge regards the monitoring of satellite health. On-board Al function-
alities can address this challenge. Indeed, the performance of equipment and sensors is
continuously controlled by a system monitoring able to provide helpful information such
as alerts. Scientists use Al systems that can notify ground control about any problems
and solve them independently. An example is taken from SpaceX satellites [22], equipped
with a system of sensors that can track the device’s position and adjust it to keep them
safe from colliding with other objects in space. Furthermore, the Italian start-up company
AIKO developed an Al for mission autonomy with their MiRAGE library [23]. AIKO
technology can detect events and allow satellites to perform autonomous replanning and
react accordingly, avoiding the delays introduced by the decision-making loops on the
ground. Al is also helping Perseverance, the Mars rover, for landing [24] and navigation on
the planet, along with many other scientific tasks. The rover also uses Planetary Instrument
for X-ray Lithochemistry, or PIXL, an Al-powered device, to search for traces of microscopic
materials [25].

Moreover, the manufacturing process of satellites and spaceships can be improved
by Al algorithms. Indeed, these operations involve many repetitive procedures requiring
high precision and accuracy and should be performed in clean rooms to avoid biological
contamination. In addition, the use of collaborative robots, cobots, can provide more reliable
manufacturing steps that can be prone to human errors. Consequently, the exploitation of
Al can significantly speed up production processes and minimize contact with humans,
which is equally relevant to increasing production. Furthermore, a personal assistant in
space can provide immediate help and support in everyday activities within astronauts’
missions or in case of emergencies on-board, eliminating the communication delays with
the ground control. For example, IBM, in partnership with the German space agency DLR
and Airbus, created CIMON, the Crew Interactive Mobile Companion [26]. CIMON is an
Al robot that is able to converse with astronauts at the International Space Station and
answer astronauts’ questions.

3.2. Space Exploration

The impact of Al on defining and improving the future of space exploration is relevant.
Many Al applications exist, from planetary navigation to robot exploration and deep
space exploration of astronomical bodies. For example, the first image of a black hole was
obtained by a Bayesian algorithm used to perform deconvolution on images created in
radio astronomy [27]. Now, researchers are working on more complex Al algorithms to
obtain more accurate images of black holes. These algorithms will probably help scientists
identify and classify different deep-space objects [28]. An example is the discovery of two
Kepler Exoplanets, namely Kepler 80g and Kepler 90i, orbiting Kepler 80 star system and
Kepler 90 star system, respectively. The knowledge of the population of exoplanets is a
challenge for astronomers because such retrieval of information requires an automatic and
unbiased way to identify the exoplanets in these regions [29].

The management of space debris, such as abandoned launch vehicle stages and frag-
mentation debris, is a demanding problem [30,31] included in the field of space situational
awareness (SSA) [32]. Indeed, researchers stress the importance of maintaining a resident
space object database because of the necessary operation of SSA for a future Space Traffic
Management system [33,34]. However, the real concern with space debris is the contin-
gency of collisions with satellites or the spacecraft, generating undesirable space accidents.
Deep learning techniques can enhance the accuracy of laser-range technology traditionally
used to overcome this problem. Another challenge regards the production of better maps
of the planets’ surface. One example is a project developed by NASA and Intel on an Al
system that can help astronauts find their way on planets [35]. The program was applied
to the moon’s surface and then to the Mars exploration program. The collaboration of
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both humans and swarm robots can meet the challenges of space exploration. Indeed,
multi-robot systems can be trained by humans using Al techniques [36]. Other efforts have
been carried out in autonomous and intelligent space guidance problems with the support
of deep and reinforcement learning [37-40].

At the same time, during the space exploration missions to Mars, monitoring and
assessing the health of astronauts is crucial [41]. The applications of Al in healthcare focus
on deep learning algorithms for scientific discovery or for advanced pattern recognition
software for diagnosis, giving new perspectives on the future of astronauts” medical care.

Furthermore, detecting astronauts’ speech and language disorder signs to interpret
their psychological behavior and to support human-robot cooperation has been explored
using natural language processing [42,43].

3.3. Earth Observation

Satellites generate thousands of images every minute of the day, collecting terabytes of
data. There are several applications of Earth Observation (EO), such as agriculture, forestry,
water and ocean resources, urban planning and rural development, mineral prospecting,
and environment and disaster management [44]. Without a data analysis tool, humans
were previously in charge of understanding these data and gathering relevant information
for the required application. This effort resulted in a long time to select, filter, refine, and
analyze a vast number of images. With the advancement of Al, there have been significant
signs of progress in reviewing and analyzing millions of images produced by satellites.
Furthermore, these algorithms can detect any issues with the images by speeding up the
image-gathering process.

Satellites are often used to respond to natural disasters from space. For example,
these images can help ground operators to detect the course of the disaster or determine
victims and damages to buildings and the environment [45]. Furthermore, geospatial
information of the area affected by the event is rapidly provided to the first responders
thanks to EO satellites. Indeed, satellite data can provide information to reduce the disaster
risk assessment and plan the post-disaster response [46]. Studies about the population’s
exposure to air pollution and demographic data have been carried out to highlight the
highest exposure risks [47]. Therefore, EO can analyze several of Earth’s physical, chemical,
and biological parameters to understand the Earth’s conditions better and propose action
plans to improve life on the planet.

4. State of the Art

Now that we have defined the challenges in space applications and presented the basic
approaches, in this section, we discuss the most recent solutions proposed for addressing
each challenge. Moreover, in Figure 1, we provide a mind map that associates the solutions
proposed in the literature with each challenge. In addition, in Figure 2, we group these
solutions based on the Al technique exploited.

4.1. Works on Mission Design and Planning

In the early stages of a space mission, the development of Al presents several advan-
tages. To enhance information retrieval and knowledge reuse in the field of space missions,
the study presented in [48] proposes a semi-supervised Latent Dirichlet Allocation (LDA)
model for space mission design. First, the general model is trained and then used to
generate specific LDA models focused on different spacecraft subsystems or topics. The
authors of [49] analyze how knowledge management and human-machine interaction,
machine learning, and natural language processing methods can improve the responsible
use of information during a concurrent engineering study and design an Al assistant,
called the design engineering assistant, to support knowledge management strategies. A
natural language processing system, called AstroNLP, is presented in [50]. The solution can
automatically extract and visualize useful information from the mission in a direct graph
to optimize the documentation’s inspection of a mission. The study in [51] stresses the
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importance of developing an expert system used as a design engineering assistant in the
field of space mission design. The detailed software architecture of both front and back
ends and the tool requirements are presented. Given the diversification and number of
available data (e.g., implicit and explicit knowledge), the highlighted problem consists in
querying and finding the needed information in a reasonable time.

Considering the perspective of the ground segment, the increase in volume and type
of data, processes, and procedures requires innovative solutions and methodologies. There-
fore, in [52], an expert system is proposed to tackle the challenges of systems engineering,
optimization of development, management, and implementation of the ground system.
In [53], an Al-driven design tool for the transfer of orbital payload via a space tether is
proposed. The authors investigate the recent proposals on space tethers, utilized in applica-
tions such as the orbiting or deorbiting of space vehicles, payload transfer, inter-planetary
propulsion, plasma physics, and electrical science in the Earth’s upper layer atmosphere.
In addition, AI tools support recent space elevator projects. Indeed, the proposed solution
relies on a computational-intelligence-assisted design framework that exploits the Artificial
Wolf Pack algorithm with logsig randomness.

The optimization of resource-constrained Internet-of-Space-Things [54] during next-
generation space missions requires a flexible and autonomous framework that overcomes
the limitations of existing space architecture. In this regard, the authors of [55] propose an
Al-based cognitive cross-layer decision engine to bolster next-generation space missions.
The system exploits deep reinforcement learning and cross-layer optimization. The pa-
pers [56,57] review existing satellite health monitoring solutions and present an analysis
of remote data mining and Al techniques used to address the needs in this field. Usually,
satellite telemetry data and integrated information are used to produce an advanced health
monitoring system and prevent unexpected failures. The authors of [58] present a guideline
for intelligent health monitoring solutions exploiting data mining techniques. Furthermore,
the study contains operations and applications of such systems related to the ground
control station.

Multimodality and high dimensionality are two critical characteristics of satellite
data. In [56,59], the reduction and clustering of probabilistic dimensionality are applied to
telemetry data of the Japan Aerospace Exploration Agency (JAXA)’s Small Demonstration
Satellite-4. These methods analyze anomalies and understand the health status of the
system. The study [60] investigates the importance of integrating a fault-diagnosis system
into a space vehicle to isolate, detect, and classify faults in the system. In [61], a support
vector machine for regression is applied to data coming from the Egyptsat-1 satellite
launched in April 2007 to analyze the satellite performance and build a fault diagnosis
system to determine the origin of this satellite failure.

The authors of [62] envision a new deep learning approach for telemetry analysis
of space operations. The proposed architecture consists of three modules developed
for automatic feature extraction, anomaly detection, and telemetry prediction. First, an
autoencoder neural network is created for feature vector extraction and anomaly detection.
Then, a multi-layer long short-term memory network is evaluated for telemetry forecasting
and anomaly prediction. The study in [63] provides an analysis aimed at improving the
autonomy level of space missions, and in particular of small satellites. The author presents
several case studies such as event and failure detection tradespace exploration where neural
networks, expert systems, and genetic algorithms are used. Al-Express is a space system
providing services to demonstrate Al algorithms, qualify technologies, and validate mission
concepts, in-orbit and as-a-service [64]. The system is built to consider the requirements of
small satellite missions and explore innovative approaches in communications, planning,
tasks, and data processing.

The authors of [65] envision the need to integrate machine learning with medical
care during a space mission. The current human missions and future deep space missions
open several challenges so that the medical care of the crew needs to become more and
more independent and autonomous. Aligned with this need, improving astronauts” work
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efficiency and mental health becomes crucial for space missions. Indeed, monitoring crew
members’ stress and reliability in isolation is an essential parameter for the success of a
human mission. In [66], natural language processing is exploited to monitor the crew’s psy-
chological health in stressful conditions during long missions. In [67-69], in-cabin astronaut
assistance and person-following nanosatellites are studied and developed for the China
Space Station. The satellite follows assisted flying autonomously and offers immediate
assistance. Furthermore, a deep convolution neural network (DCNN)-based detection
module and a probabilistic-model-based tracking module are trained to accomplish the
cited tasks.

In conclusion, we observed that gathering and retrieving information for a space
mission is widely achieved with the support of expert systems coupled with natural
language processing techniques. These solutions aim to enable access to useful information
in a reasonable time. However, natural language processing techniques and convolutional
neural network approaches are exploited to support astronauts by offering immediate
assistance in conditions of need. Concerning satellite health monitoring, several proposals
show how dimensionality reduction, clustering, and deep learning can be applied for
telemetry analysis of space operations to improve the usability and the exploitation of
these data.

4.2. Works on Space Exploration

Artificial intelligence will enhance space exploration in the near future [70]. Indeed,
intelligent tools that analyze data and predict events will be used in every aspect of
space settlement. Automation and robotics have always played a significant role in space
exploration [71], opening new frontiers and improvements since the beginning. The
exploitation of Al contributes to creating independent and intelligent robots able to learn
while in orbit. In addition, the management of space traffic and the assistance of ground
operators can be supported by Al techniques. In [72], the authors trained predictive models
through Multiple Regression Analysis. Their study aimed to forecast collision avoidance
maneuvers and better manage space traffic.

Improving the autonomous functions of space robots, spacecraft, and equipment is a
need that can be achieved through Al systems. The authors of [73] survey the impact of
Al on the field of spacecraft guidance dynamics and control. They focus on evolutionary
optimization, tree searches, and machine learning using deep learning and reinforcement
learning, analyzing interesting use cases where these algorithms improved the perfor-
mances of guidance and control of well-known problems [74]. The authors of [75] consider
the advantages of a multi-agent system in terms of robustness and reliability of space oper-
ations. Furthermore, the intelligent use of multi-robots integrated with a human-to-loop
approach mission costs and human efforts. The study in [76] provides a methodology for
designing and controlling elastic, computing self-organization for Al space exploration.
The use of swarm cooperative rovers is based on a set of shared information supporting
the mission planned to reach a common target [77]. In [75], a cooperative, coevolutionary
algorithm able to train a multi-robot system is presented.

Any space exploration scenario presents several challenges that can be met jointly
by both humans and swarm robots. The authors of [36] explore a scenario based on
Mars, where human scientists train robots and multi-robot systems to perform primary
tasks. A multi-agent deep deterministic policy gradient algorithm is exploited. In [78],
a decentralized multi-robot system operation technique is presented. The approach is
evaluated in a rough terrain environment artificially generated to perform a collaborative
object transportation mission. The technique is based on a fuzzy genetic system exploiting
a genetic algorithm to optimize a fuzzy inference system.

Al techniques play an important role in astrophysics and astronomy. Al searches space
in planetary studies and conducts real-time monitoring of instruments and investigations
of stellar clusters and non-stellar components of the Milky Way (for example, see [79]).
Notably, as suggested in [80], deep learning and neural networks can automate the detec-
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tion of astronomical bodies and sustain future exploration missions. The authors of [81]
introduce simulator-based methods using artificial intelligence to obtain images during
deep-space journeys in NASA Starlight and Breakthrough Starshot using a Grow When
Required Network, an unsupervised technique. In addition, to better understand Mars,
several Mars images have been collected and need to be analyzed. In [82], semi-supervised
contrastive learning is exploited to classify Mars rover images.

Regarding the Jovian system, the authors of [83] proposed an approach based on
reinforcement learning for the solution of the J2-perturbed Lambert problem in the field of
space trajectory design [84] and to overcome errors due to incomplete information about
pursuit-evasion missions. Furthermore, ANNSs have been exploited to model accurate and
efficient maps of Jovian-moon gravity-assisted transfers [85-87].

Convolutional neural networks coupled with a recurrent neural network are exploited
to create a vision-based navigation system for a pinpoint landing on the Moon [88]. The
regression task is executed by a long short-term memory (LSTM) recurrent neural network,
while a CNN is used to extract features and process them. A CNN is trained with a
dataset of synthetic images of the landing area at different relative poses and illumination
conditions. Indeed, in a no-space application, the matched exploitation of CNN-LSTM has
already been proven to have excellent performance in providing image processing and
model prediction.

To summarize our analysis, we highlight that Al techniques, such as deep and re-
inforcement learning, are widely used in the field of spacecraft guidance dynamics and
control to improve the autonomous functionalities of space equipment, spacecraft, and
space robots. The main goal of such systems is also to enable constructive cooperation
between multi-robot systems and humans. As far as deep space exploration, approaches
based on neural networks make possible the automation of the detection of astronomical
bodies and the accessibility to better maps of planets’ surfaces.

4.3. Works on Earth Observation

The survey [89] reviews machine learning models used to predict and understand
components of the Earth observation system and divides the addressed problems into
four categories: (1) classification of land cover types, (2) modeling of land-atmosphere
and ocean—-atmosphere, (3) detection of anomalies and extreme events, and (4) causal
discovery. Al and Earth observations (EO) can meet the sustainable development goals
(SDGs) and specifically contribute to them. Indeed, in [19] the authors demonstrate how a
convolutional neural network, U-net with SE blocks, can perform an efficient segmentation
of satellite imagery for crop detection. The study [90] reviews machine learning techniques
applied to monitor SDGs and proposes explore furthering random forest, support vector
machine, and neural networks to analyze EO data. Finally, in [91,92], deep neural networks
are exploited for on-board spacecraft. The main motivations of this approach concern
the full use of real-time sensing data of multiple satellites from a smart constellation and
therefore the on-the-edge processing of data and the resulting benefits in terms of the
imaging product value.

Al algorithms can be considered for consuming data at the source rather than on the
ground, lightening the down-link load, and allowing the development of value-added
applications in space. The studies in [19,93] present a Copernicus Access Platform Interme-
diate Layers SmallScale Demonstrator, where Al methods are used to analyze and interpret
Earth observation satellite images. As a primary step, the authors of [19] include the instan-
tiation of a deep neural network able to extract meaningful information from the archived
images and create a semantic scheme with several EO sensors (e.g., TerraSAR-X, World View,
Sentinel-1, and Sentinel-2). The authors of [94] review the efficiency of Gaussian processes
(GPs) in solving EO problems. GPs can accurately estimate parameters in acquired images
at local and global scales. Furthermore, these processes can quickly adapt to multimodal
data from different sensors and multitemporal acquisitions. In [95], the Google Earth
Engine and Google Cloud Platform are used to generate a feature set where dimensionality-
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reduction methods are tested for object-based land cover classification with SVM, with the
support of Sentinel-1 and Sentinel-2 data. The authors of [96] apply dimensionality reduc-
tion to classify hyperspectral images and generate low-dimensional embedding features
of these images. Generative adversarial networks (GANs) and CNNSs are coupled in [97]
for hyperspectral image classification. The study [97] presents several opportunities for
the application of GANs in remote sensing [98]. In addition, noticed anomalies on hyper-
spectral images increase the possibilities of errors and decrease the estimation accuracy.
In [99], a framework based on semi-supervised spectral learning and GANS is proposed
for hyperspectral image anomaly detection. The authors of [94] review the efficiency of
Gaussian processes (GPs) in solving EO problems. GPs can accurately estimate parameters
in acquired images at local and global scales. Furthermore, these processes can quickly
adapt to multimodal data from different sensors and multitemporal acquisitions.

Convolutional neural networks are exploited in [100] to classify and detect land use
and land cover from Sentinel-2 satellite images. The dataset EuroSAT contains 27,000
labeled and geo-referenced images made public. Furthermore, the study proposed in [101]
exploits deep learning neural networks for remote sensing to improve the production of
land cover maps and land use. In particular, the authors of [101] consider the southern
agricultural region of Manitoba in Canada.

In recent years, deep networks such as convolutional and recurrent neural networks
have been broadly used to classify hyperspectral images. In [102], the authors build
a network able to analyze the whole image with the help of a non-local graph using
convolutional layers to extract features. A semi-supervised learning algorithm enables
high-quality map classification. Nevertheless, the authors of [103,104] analyze the negative
effect of microscopic material mixtures on the processing of hyperspectral images. Another
relevant property of these data is the non-local smoothness, which has been analyzed
in [104]. Again, in [103], an innovative spectral mixture model is proposed. The authors
demonstrate that their approaches can obtain a more accurate abundance estimation and a
better reconstruction of abundance maps.

The authors of [105] develop a neural network that is able to synthesize EO images.
Notably, an energy-based model is applied, and datasets are adapted to semi-supervised
settings. Furthermore, in [106-108], semi-supervised learning is evaluated due to the lack
of labels and the speckle presence on raw images coming from EO data. Indeed, the
authors of [107] propose the MiniFrance suite, a large-scale dataset for semi-supervised
and unsupervised semantic segmentation in EO. Finally, in [106], DCNNSs are coupled with
semi-supervised learning to build a framework called Boundary-Aware Semi-Supervised
Semantic Segmentation Network, which is able to obtain more accurate segmentation
results. In [109], the combination of drone-borne thermal imaging with neural networks
is produced to locate ground-nests of birds on agricultural land with high performance.
Several studies [110-112] have addressed the need to review the application of Al to solve
different agriculture-related problems [113] and improve decision support at the farm
level [110,114].

One of the most urgent needs is to respond to adversarial and life-critical situations
such as pandemics, climate change, and resource scarcity [115,116] with prompt and
sustainable agricultural and food production and improved food supply systems. As
suggested in [117,118], automation of agriculture and farming is a solution for the increasing
demands of food and nutrition, which are also aggravated by above-mentioned problems,
such as pollution and climate change, resource depletion, population growth, and the need
to control irrigation and harmful pesticides. Indeed, Al can contribute to improving and
developing sustainable food systems [119] able to revolutionize current agricultural and
supply chain systems.

Biodiversity assessments can strengthen our environments and the entire human
society. The development of innovative and high-quality models to also monitor the impact
of human activities on ecosystems is explored in [120] with the support of neural network
algorithms. Indeed, Al will improve the conservation of ecosystems and species. The
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authors of [121] propose CAPTAIN (Conservation Area Prioritization Through Artificial
Intelligence Networks), a methodology based on reinforcement learning, exploring and
analyzing multiple biodiversity metrics to protect species from extinction.

Another application field of Al that has gained close attention is disaster management.
The studies [122-124] collect different solutions exploiting Al techniques to support the
challenges of the different phases of disaster management phases, i.e., mitigation, prepared-
ness, response, and recovery. The methods are discussed and categorized according to
these phases.

Furthermore, public engagement in Al-driven applications for disaster management is
analyzed in [125] thanks to data provided by Australian residents. The results confirm the
benefits of using Al for mitigating and responding to a disaster, and they encourage public
and private sectors to adopt Al in disaster-management applications. The authors of [126]
analyzed reactions on social media during the 2017 Atlantic Hurricane season to develop a
system able to improve situational awareness and help organizations handle crises. The
information retrieved consists of textual and imagery content from several tweets posted
during the disaster. The tweet classification was performed by developing a random
forest learning scheme. Furthermore, the K-means algorithm was used to find high-level
categories of similar messages. Finally, deep-learning-based techniques were advocated
to extract useful information from social media images. In [127], a machine-learning-
based disaster prediction model was proposed to identify disaster situations by analyzing
information coming from social messaging platforms such as Twitter. Multinomial Naive
Bayes and XGB classifiers are used to individuate both tweets that are relevant to a flood
and tweets irrelevant to a flood, with an accuracy of above 90%.

Climate change is having a considerable impact on the future of lives on Earth by modi-
fying crucial climatic parameters such as temperature, precipitation, and wind [128,129]. On
the other hand, the future implications of greenhouse gas emissions are discussed [130,131]
related to these parameters. Al offers the means to reduce uncontrollable risks and predict
extreme weather events and climate conditions [132] and, at the same time, to assess human
responsibilities and duties [133-135]. As suggested in [136], leveraging Al techniques holds
the opportunities to combat the climate crisis effectively by finding procedures to monitor,
analyze, and predict climate change indicators. One application is proposed in [137], where
generative adversarial networks are used to develop an interactive climate impact visual-
ization tool that is able to predict and visualize the future of a specific location based on the
effect of current climate indicators, such as floods, storms, and wildfires. The study [138]
goes in the same direction to predict daily energy consumption of a buildnig using a
data-driven explainable Al model. Instead, the authors of [139] show the effectiveness of
support vector machine models to predict solar and wind energy resources. The authors
of [138] apply different AI models to the proposed problem: extreme gradient boosting,
linear regression, random forest, support vector machine, deep neural networks, and long
short-term memory.

The impact of climate change on precipitation and temperature over Famagusta,
Nicosia, and Kyrenia stations is analyzed in [140]. With the support of a neural network,
an adaptive neuro-fuzzy inference system, and multiple linear regression models, these
parameters are analyzed and forecasted for 2018-2040. Climate change is intensifying
challenges in water resource management [141]. Indeed, understanding our oceans and
monitoring the surface water quality are presently priorities that Al can meet, as suggested
in [142,143]. Notably, in [142], a systematic literature analysis on the application of Al
models is presented, focusing on the physical location of experiments, input parameters,
and output metrics. In [144], a concern about the application of responsible Al in the water
domain is investigated. Although recent contributions show that this domain is limited for
Al, insights on its optimization are reported.

The monitoring of water is challenging and crucial for every organism on Earth and
for water precipitation measurements. For example, the authors of [145] adopt artificial
neural networks and multiple linear regression for the downscaling of satellite precipitation
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estimates. In [146], non-linear autoregressive neural networks and long short-term memory
deep learning algorithms were developed to model and predict water quality. Then,
support vector machines, K-nearest neighbors, and Naive Bayes were used to predict water
classification. The authors of [147] exploit an adaptive neuro-fuzzy inference system to
predict the water quality index, a feed-forward neural network and a K-nearest neighbors
algorithm to classify water quality. In [147], the focus is shifted towards the case of drinking
water. The presence of bacteria in water is monitored by automated identification of
colors and their intensity from sensor image using a deep convolutional neural networks
algorithm developed in [148].

The problem of air pollutants requires attention and puts public health in danger if not
adequately monitored [149]. The authors of [150] analyze one of the most critical air pollu-
tants in the atmosphere, namely particulate matter. Several Al techniques are exploited
to study and predict its components measured in a selected industrial zone, namely the
neuro-fuzzy inference system, support vector regression, classification and regression trees,
random forest, K-nearest neighbor, and extreme learning machine methods. Ozone concen-
tration is another crucial measure related to global warming, air pollution management,
and many relevant environmental issues. In [151], a wavelet transform approach combined
with an artificial neural network predict one-hour-ahead ozone gas concentration.

From our analysis, we note that among the diversified contributions, the necessity
to classify and analyze hyperspectral images emerges and converges towards several
scopes such as land use, agriculture, food supply systems, and water and atmosphere
cleaning. However, most of the solutions consider the benefit of Al-based systems regarding
the imaging product value. An important number of proposals couple the use of semi-
supervised learning and deep learning. Furthermore, convolutional and generative neural
networks are employed to increase the accuracy of hyperspectral images.

5. Discussion

The challenges in the space sector impact our lives and the perception of our future
more than we can imagine. Nevertheless, at the same time, Al is enabling progress and
innovation in several sectors. Notably, in the space sector, Al is helping scientists and
industries provide robust solutions to the most relevant problems, but most of all, Al
enables discoveries. The problems that Al addresses are categorized into three main areas:
(i) mission design and planning, (ii) space exploration, and (iii) Earth observation, as shown
in Figures 1 and 2. It is worth noting that we did not explore these categories as watertight
compartments, because we found several studies that promote the exploitation of Al in
new, overlapping, and disruptive areas [70,73,89,90,115,117,122-124,136]. Indeed, many
of the solutions that can innovate one area also impact the results and possibilities of
other areas. For example, improving health satellite monitoring systems is helping both
space exploration and Earth observation applications [57]. Again, supporting knowledge
management strategies can facilitate the planning of a space mission, but at the same time, it
provides input for the challenges in data management for space situational awareness [32].

Moreover, new Al-based techniques used to map and investigate the lunar or Martian
surfaces [24,82,88] can improve our knowledge of the health status of the Earth [21]. There-
fore, the presented challenges and discoveries that we report here are all connected, as
Figure 2 shows. Firstly, the diversified approach of reinforcement learning has applications
in new frontiers of space exploration [38—40], where multi-robot systems on Mars [36,152]
or internet space things [55] can be trained to perform primary tasks by adapting to the
complex environment as requested by the technique. At the same time, this approach is
also exploited to automate processes in the areas of agriculture and farming [90,118].

Deep learning has recently been widely used by researchers to respond to the space
sector’s countless challenges. For example, neural networks are used to improve the land
use for agriculture [101,109], mitigate the consequences of climate change [138,140], and
monitor water quality [147]. Another example is the use of CNNs [67,68] to assist astronauts
during a mission by facilitating the astronauts” work and lives through an intelligent
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assistant. Furthermore, RNNs can improve telemetry analysis of space operations [62] in
order to temporally predict anomalies on board. GANSs are also eing applied to improve
the classification of hyperspectral images and to detect anomalies in them [97-99].

For the same aims, unsupervised learning has been already exploited with satellite
telemetry data to produce an advanced health monitoring system and prevent unexpected
failures [56,59]. Another challenge pertains to information retrieval and knowledge reuse
in space missions: there is a need to develop a design engineering assistant to design a
space mission. Several approaches exploit expert systems to address this problem [52,63],
but also a semi-supervised technique [48].

In addition, semi-supervised learning has been exploited in remote sensing, partic-
ularly for high-resolution EO images [106-108] but also for the classification of Mars im-
agery [82]. The application of supervised learning covers the most disparate problems, start-
ing from supporting the challenges of the disaster management phases [126,127], to satellite
fault diagnosis [61], to automation of agriculture[118], and environmental issues such as
water quality prediction [146,147] and mitigation of climate change’s effects [138,140,150].
Furthermore, fuzzy logic solves similar issues related to climate change [140], water [147]
and atmosphere [150] quality monitoring, but also to space exploration with multi-robot
systems [78].

Natural language processing is widely exploited to ensure the physiological health of
astronauts on a mission and improve their work efficiency [42,43] or help astronauts with
the support of an intelligent assistant [20,21].

Internet of space things [18,54,55]
Design #
Design engineering assistant [20,21,48-53]

Astronaut assistant [26,41,42,65—-69]
Planning %
S

atellite health monitoring [56-59,61-64]

— Mission Execution

Study of astronomical bodies [79-81]

Challenges

— Deep exploration [24,27,29,38-40,81,82,88]

— Space exploration

Multi-Agent systems [36,43,75—78]

' Space traffic management [30,31,34,72,73]

— Mission Object

— Emergency and disaster recovery [122-127]

Climate change [128-138,138-140]

[

Earth observation Biodiversity protection [120,121]

— Water and atmosphere monitoring [141-151]

' Land use [7,19,89-91,93-96,100,101,106-119]

Figure 1. Challenges in Space Applications.
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Figure 2. Artificial Intelligence techniques for space challenges.

6. Conclusions

Al is exploited in the contexts of many application to perform tasks in a human-like
way, and it has an important position in the digital transformation of society. As always, the
research community has an important role in developing new Al-based solutions for the
most arduous engineering challenges, and survey papers have been published discussing
such solutions in almost all fields except the field of space applications.

In this paper, we filled this gap by presenting a framework that surveys all the recent
Al-based solutions used in space applications and classifies them based on (1) the specific
problem to which they are applied and (2) the typology of the Al approach used to solve
the problem, thus developing a taxonomy of all recently proposed solutions. In particular,
we organized and classified over a hundred papers based on two main challenges (mission
execution and mission object) and thirteen sub-challenges.

The presented classification allows the reader to identify the most recent solutions
applied to solve specific challenges and the most important challenges of space applications
that Al-based approaches can help face.

Our analysis has highlighted some future directions to follow. A first direction con-
cerns applying artificial intelligence techniques to the field of satellite communication
with the purpose of making communication systems more efficient and secure. Another
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interesting direction regards the next frontiers of artificial intelligence for navigation in
terms of the global navigation satellite systems.
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