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Remote sensing and machine learning
Overview

There is increasing interest in using machine
learning to automatically analyse remote
sensing data and increase our understanding of
complex environmental systems. While there
are benefits from this approach, there are also
some barriers to its use. This POSTnote
examines the value of these approaches, and
the technical and ethical challenges for wider
implementation.

◼ Environmental remote sensing involves
the use of satellites and other airborne
instruments to collect data about the
environment.
◼ Machine learning is a branch of artificial
intelligence (AI) that can be used to
analyse data with greater automation.
◼ Applying machine learning to
environmental management can improve
weather predictions, and climate and
water resource monitoring.
◼ Wider implementation of remote sensing
is limited by the availability of robust and
representative datasets for training the
machine learning algorithms.
◼ Quality assurance and control measures
associated with the use of machine
learning algorithms are not regulated,
raising ethical and legal concerns.

Background

Algorithms and environmental monitoring

Environmental systems, such as weather and climate, are
complex and dynamic.1 Increasingly, data on these systems are
collected using remote sensing technologies, from Earth
Observation (EO) satellites to unmanned aerial vehicles (UAVs),
including drones (POSTnote 566).2–5 This is generating
substantial quantities of data, and environmental remote
sensing is now considered an area of Big Data (POSTnote 468).
For example, the Sentinel satellites, (an element of Copernicus,
the European Space Agency (ESA) and European Commission
EO programme, POSTbrief 37) are expected to produce 10
terabytes of EO data per day once fully operational (equivalent
to around 2.5 million high definition photos).6–8

While there is no universally agreed definition of AI, it is
generally considered to include technologies that would
otherwise require human intelligence.13 All AI programs are
underpinned by algorithms, which are a set of instructions used
to perform computational tasks.14 Machine learning algorithms
allow a system to learn and improve from data and experience
without being specifically programmed (Box 1).14,15 These
algorithms have been used since the 1990s to automate data
collection, make sense of remote sensing data and extract
previously undiscoverable patterns in the data.16–18

In order to address the challenge of processing large amounts
of environmental data, experts are using artificial intelligence
(AI) tools, such as machine learning for more efficient data
analysis (Box 1).9,10 Machine learning is a purely data-driven
approach, which means it can be used to extract valuable
information about a natural phenomenon from the data alone,
without building in any model of how the data were generated
from an underlying system.11 This has benefits such as being
able to manage more complex environmental data, but has
challenges such as data accessibility.10,12

The availability of greater computational power and access to
larger amounts of data have improved the capability of these
systems.19 Applications of machine learning in environmental
remote sensing include weather forecasting, flood and drought
prediction, and precision agriculture (Box 2). More recently,
there has been increasing interest in a type of machine learning
known as ‘deep learning’ (Box 1).20–22 Because deep learning
algorithms can easily be increased in size (they are ‘scalable’),
they can be expanded to manage larger data sets with
increasing performance.23,24 Although its use is not yet
widespread in environmental management, experts are
exploring applications of deep learning in research.20

The Parliamentary Office of Science and Technology, Westminster, London SW1A 0AA
02072192840 post@parliament.uk parliament.uk/post @POST_UK

POSTNOTE 628 June 2020 Remote sensing and machine learning

Box 1: Machine and deep learning
Machine learning
Machine learning is a branch of AI where algorithms can
learn and improve from experience and data without being
specifically programmed, reducing the level of human
intervention.14 The quality of the output from the model
depends on the quality of the data used to build it.25
Machine learning models can be supervised, unsupervised or
a combination. Supervised learning models are built on
labelled training data.26 For example, using images of known
trees in order to identify trees in a new image. Unsupervised
learning models are built on unlabelled training data.26 For
example, through exposure to millions of unlabelled images
of trees in order to extract the common features that make
up a tree and identify it in a previously unseen image.
Deep learning
Deep learning algorithms are a more modern type of
machine learning algorithm, which are designed in some
ways to mimic the neural networks of the human brain.24
The algorithms are built of networks with large numbers,
often hundreds of layers of individual components (hence
the name “deep”), to carry out tasks such as image
classification where advanced feature extraction can take
place.27 The decision to use a particular algorithm is based
on algorithm suitability, the type and availability of training
data, how the data will be used, as well as ethical
considerations.28–30
The Government identified AI and the data revolution as one of
four Grand Challenges (areas where the UK could be a global
leader) for UK industry.31 The importance of EO for the growth
of the UK space sector has also been highlighted by the
Government’s space strategy, created in partnership with the
UK space industry.32,33 Experts have suggested that remote
sensing and AI technologies could be used to monitor progress
towards environmental targets.34–37 The recently formed Centre
for Data Ethics and Innovation provides recommendations to
the Government on best practice and regulatory guidelines for
AI and data-driven technologies.38 Similar work is carried out by
the Information Commissioner’s Office, the Office for Artificial
Intelligence and the Alan Turing Institute.39–41

Benefits of machine learning
Machine learning in combination with remote sensing can help
to improve experts’ understanding of land, ocean and
atmosphere systems (Box 2).25 This can lead to benefits,
including improved predictions about the behaviour of such
environmental systems, improved automation of data analysis,
better management of resources, and the discovery of new
insights from complex data sets.

Improved environmental predictions
An ongoing objective in long-term climate modelling is reducing
uncertainties and improving predictions. 42,43 Machine learning
has been used to reduce uncertainties about the role of
aerosols in the climate system by combining 50 different
aerosol models into an atmospheric map.11 Machine learning
has also been used to combine climate model projections in a
way that better takes into account individual models’ strengths
and weaknesses, which may lead to more realistic
projections.44,45
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Box 2. Examples of environmental applications
◼ Weather forecasting. Physical models are the
established operational weather forecasting tools. 46
However, machine learning is used alongside established
methods to address challenges and advance analysis. 47
For example, the Met Office uses machine learning to
remove interference in rainfall measurements.48 These
measurements are fed into forecasting tools and used by
the Environment Agency for flood forecasting. 49 The Met
Office is collaborating with DeepMind (a UK-based AI
company) to apply deep learning to forecasting. 50
◼ Flood and drought prediction and management.
Water resource management, rainfall forecasting and
advances in climate modelling all feed into flooding and
drought predictions and their management (POSTnote
623).51 Satellite and drone capabilities are being combined
with machine learning for detection, mitigation, alerts,
emergency response and recovery efforts.52–55
◼ Precision agriculture. The uptake of new technology to
boost farming efficiency, referred to as precision
agriculture (or farming), is low in the UK (POSTnote 505).
To improve the uptake of AI, the Government has created
several £1 million grants as part of the £22 million made
available for Transforming Food Production.56,57 Machine
learning is applied to soil, livestock, water and crop
management.58 For example, crop health can be
determined from remotely sensed images, where the
abundance of chlorophyll, the green pigment responsible
for photosynthesis, acts as indicator for health.59
◼ Managing forests. Machine learning is applied to forest
management (harvesting, cropping, logistics) and in the
monitoring of disease in forest species.60,61 It can also be
used in deriving forest cover change and deforestation
from remote sensing images.28 For example, machine
learning is used to track and police illegal logging in
tropical rainforests in real-time, with information sent to
local services via a phone application.62
◼ Marine research. Machine learning with satellite and
drone data can be used for marine habitat mapping,
monitoring coastal change due to landslides, and in
coastal plastic clean-up projects.63–66 For example, an
algorithm has been developed by researchers to allow
detection of aggregated patches of plastics floating in
coastal waters from satellite images.67

Improving resource management
Information for managing vital natural resources such as water
and soil (for farming and other land uses) can be generated
using machine learning. The components of the hydrological
cycle (the transfer of water between the ocean, land and
atmosphere systems), such as the amount of surface water
available, rates of rainfall and evaporation, are measured on
the ground and with remote sensing technologies.68,69 Machine
learning algorithms are used to merge complex hydrological
datasets, such as the satellite data collected on the total
terrestrial water amounts, into global hydrological models.70
The fusing of data in this way can address knowledge gaps and
increase the accuracy of water resource estimates.71 Improved
estimates have implications for flood and drought predictions
(Box 2). Machine learning is used to convert global satellite soil
moisture data, an indicator of soil health, into more accurate
estimates at the regional and local levels.72,73 This has
implications for local agricultural decisions (Box 2).
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Automating and improving image classification
Remotely sensed images are one of the biggest data sources
for environmental science.74–76 The classification of these
images relates to the identification of features or objects in the
digital image.77 Machine learning algorithms have advanced the
automation of image classification, using more of the available
data, saving on time and reducing errors introduced by human
analysts78,79 For example, the UK Land Cover Map 2015 was
created using satellite imagery classified into 21 types of land
cover, such as ‘freshwater’, ‘urban’, and ‘arable and
horticulture’.80 With the use of more sophisticated machine
learning methods, the 2015 Land Cover Map was produced
faster and with greater classification accuracy than the previous
2007 version.81 This land cover map is used across sectors from
government to NGOs, research and commercial stakeholders.
The Scottish Government, in partnership with industry, is
developing its own land cover map using machine learning.82
Deep learning (Box 1) is an emerging type of machine learning
that is particularly useful for image classification. It has shown
positive results when applied to environmental data, with some
areas outperforming other machine learning algorithms.20,83–91
However, deep learning typically has a higher energy
consumption than other types of machine learning as it needs a
larger amount of computing power to run. This requires the
creation of new data processing services (Box 3).

Discovering new insights from complex datasets
Machine learning makes processing large datasets more
feasible. Large datasets can be processed with algorithms to
extract data and derive patterns that might otherwise be too
complex or time consuming for human analysts.18 For example,
new air-pressure patterns over the Tasman sea were
discovered inadvertently, which have implications for the
regional climate.44 BioDAR, a UK-based insect diversity
monitoring programme, makes use of the background data
collected by weather stations to derive insect biodiversity
information in the skies and relate that to the ground. 92 Other
examples include the development of digital twins (a virtual
interactive model of a physical system). For example, Belmap, a
3D model of Belgium, is being developed with machine learning
enhanced remote sensing data.93

Managing unwanted data
Clouds are a common feature of satellite images blocking the
line of sight to the ground or creating shadows that prevent
analysis.95 Machine learning algorithms can be used to
distinguish between clouds and useful Earth imagery with
increased accuracy and automation in a technique referred to
as ‘cloud masking’.96,97 Advances to this step can reduce the
delay between when data are collected and when they are
Box 3. Massive GPU cluster for Earth observation
The Plymouth Marine Laboratory will host a dedicated cloud
computing (POSTnote 629) facility for processing Earth
observation (EO) data on behalf of the National Centre for
Earth Observation. This new computing cluster, called MAGEO
(Massive Graphical Processing Unit Cluster for Earth
Observation), will facilitate the application of deep learning to
EO data. MAGEO was funded through a £1 million Natural
Environment Research Council (NERC) grant, and from 2021
will be operated as a service for scientific researchers.94
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ready to be used (See Analysis Ready Data section below).
Non-machine learning algorithms used for cloud masking are
complicated, and have high computing costs and patchy
accuracy.98

Detecting ongoing change
The ability to detect change in the natural environment is
important for monitoring and allows for timely decision
making.99 For example, machine learning algorithms are used
to identify changes in satellite images of land as an indicator of
whether land use is changing over time, such as between
recreational, conservation or economic use. 100,101 Change
detection can also be used in preparing for and managing
natural disasters, such as in detecting flash flooding events and
in monitoring urban expansion.102–104 At the local scale, drone
technology can be used to monitor system changes such as
changes to river habitats.105

Technical and ethical challenges
While there are many benefits to using machine learning in
environmental remote sensing, there are also some barriers to
its use. Widespread implementation of machine learning is
limited by data accessibility, building and validating the training
data, and uncertainties in algorithm design. 106–108 There are also
some associated ethical and legal considerations.109–111

Data accessibility
Analysis Ready Data (ARD)
Copernicus EO data is free at the point of use and data can be
accessed directly from ESA and a range of UK agencies. 112–117
Downloaded data needs to be processed into ARD, which is
data that are ready to be analysed with minimal additional user
effort.118,119 This can later be developed into an ARD product,
such as a map, or an ARD platform, such as an interactive and
accessible system.120–122 The preparation of ARD requires
expertise and computational power and can consume 80% of
an analyst’s time.123 Steps include removing the effects of the
atmosphere, removing digital noise, unifying the data format
from multiple instrument types and including contextual
information.10,124
The international Committee on Earth Observation Satellites
(CEOS), representing the major EO agencies, identifies ARD as
an important part of making EO data more accessible, and in
reducing the time and associated costs of data preparation.125
ARD for some data types can be accessed from CEOS and
ESA.126–128 In the UK, the Joint Nature Conservation Committee
led technical innovation to automate the processing of Sentinel1 and Sentinel-2 data to global standards and played a key role
in establishing the Defra Earth Observation Data Service.122,129
The processed ARD is available under an Open Government
License from the Centre for Environmental Data Analysis
(CEDA).130 Private EO companies, such as 4 Earth Intelligence,
sell ARD products from a range of satellite data, recognising the
demand for data in a ready-to-use format.131

Storage and computational needs
The demands on storage, transfer and processing of large
datasets are high.132–134 Academic users can usually access
storage and high-performance computing via institutional
access or research council funding.135–137 National cloud-
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computing services such as CEDA, the Joint Analysis System
Meeting Infrastructure Needs (JASMIN) and MAGEO (Box 3) are
accessible to grant funded UK researchers.138,139 Google Earth
Engine, IBM, and Earth on Amazon Web Services provide cloud
EO access and analysis, which can be free or with a charge for
providing online training and customer support.133,140–143 The
possibility of sudden changes to these services and nontransferability of data create uncertainty.133

Data management
The effectiveness of machine learning algorithms is dependent
on having an accurate and well-developed training dataset,
which can take months or years to build and can be a
bottleneck to wider implementation.25,29,144,145

Collecting and validating the training data
The amount of training data needed is application specific and
depends on the complexity of the problem and the algorithm.146
Accessing an adequate amount of training data is a constant
challenge, which can be eased by the existing and free datasets
like Copernicus EO data.52,112 The data to train and test the
machine learning model can come from higher resolution
remote sensing datasets, such as UAV, aerial imagery and local
field data.4,5,147,148–150 The data and algorithm also need to be
validated (checked for accuracy) to the specifics of the
application.29,52,151 For example, a machine learning system built
to detect images of rivers in temperate regions, where rivers
are surrounded by green vegetation, would need to be retrained to detect rivers in desert regions. Some applications,
such as biodiversity monitoring, are more dependent on local
training data, which can limit the global applicability of machine
learning models.29,152,153,

Algorithm selection and development

The choice to use a particular algorithm is based on historical
success and proof of concept, purpose, cost of development,
computational costs, data availability and popularity.154,155 It is
also dependent on the availability of the algorithm across
popular programming platforms.156 In the development of a
new algorithm, a prototype is built by a researcher and entered
into an open access repository where it is tested and improved.
Once the software is robust enough the algorithm can be
commercialised.157

Data labelling and building the algorithm
Creating the necessary amounts of labelled data requires
domain expertise and can be labour intensive.25,108 An example
of labelling could be tagging flooded features in hundreds of
satellite images. Efforts are being made to reduce the demands
for labelling on expertise.158 One approach is to combine
unsupervised learning (Box 1), using unlabelled data to train
the model, with supervised learning for fine-tuning.24 In general
for machine learning applications, 75% of the training data are
used to train the model and 25% are used to validate the
model.159,160
Ideally this 25% should be new training data and not from the
original batch, but this is not always realistic in terms of
resources. How well the algorithm works depends on having
enough accurate data to test decisions and improve the
learning accuracy. Determining and quantifying how well-suited
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your machine learning algorithm design is to the application is
also a challenge.29,108,161 Natural changes to the environment
that fall outside the range of the training data may undermine
the reliability of the algorithm.161
Deep learning algorithms produce better results with unlabelled
data but require significant amounts to prevent ‘overfitting’.
This is where the algorithm processes every aspect of the
training data, producing results that may be misleading, instead
of deriving only valuable information from it.18 Crowdsourcing
can be used for data labelling, but this requires additional
systems to cross validate the work.162

Uncertainty, error and bias
Inherent to all of the remote sensing and locally collected field
data used to train and test the models is a level of uncertainty
and error.163,164 The human analyst can also introduce errors
and bias in the preparation of ARD, data labelling and overall
data management.108,165 In classification problems, algorithm
accuracy and performance is heavily reported as classification
accuracy, which is an incomplete measure of model
robustness.166 Uncertainties in algorithms may be poorly
understood by stakeholders. For example, an image
classification of ‘tree’ may be based on a probability of 90%,
but it can never be 100%, the risks of which may not be made
explicit. Best practice guidelines vary and there is an overall
lack of regulation by government or relevant public bodies, in
spite of the wide range of application areas and the speed of
algorithm development.167

Ethical and legal issues
Machine learning models are sometimes referred to as ‘black
box’, implying that it is not easy to determine how an algorithm
made a decision.18,13 This is especially common for deep
learning algorithms because of the more complex processing
architecture.168 While algorithms have some level of inherently
unexplainable features, they can be explained with varying
levels of difficulty.13,169,170 However, for a public sector
organisation, where any aspect of a decision is opaque, it raises
issues of accountability and having the authority to make a
decision.171 Commercial algorithms referred to as black box can
relate to the propriety nature of the technology rather than the
technical challenges of explaining how it works. 169
The growing need for ‘explainable AI’ is met in part by the
regulations set out in the EU General Data Protection
Regulation (GDPR), which came into effect in 2018. However,
the GDPR Article relating to ‘a right to an explanation’ only
covers the use of personal data and does not cover all AIenabled decision making.170 Remote sensing data itself raises
ethical challenges as it operates at a high resolution, creating
issues around privacy and the use of such data by the state.172
The lack of quality assurance and quality control measures
associated with the use of machine learning algorithms poses
legal issues around decision-making and liability. As machine
learning becomes of greater value to the UK economy,
challenges could be addressed by stakeholders such as NGOs,
academics and commercial EO companies working with
government to establish good practice codes, standards and
regulatory frameworks.13,37,173,174
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