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Abstract

The topic of the Seminar Machine Intelligence for the summer term 2021 is
Machine Intelligence for the Environment.

Currently, students, researchers as well as the wider interested public is all
excited about the new findings in the field of Machine Intelligence in general and
Neural Nets in particular. The expectations are flying high as new algorithms
help to separate images from cats and dogs at a level of performance that exceeds
humans’ capabilities. Moreover, Machine Intelligence also beat the best human
players in games such as GO, Chess or Jeopardy.

In spite of all these exciting developments we are facing a major societal
challenge in terms of the Climate Crisis. One starts wondering if we can also
employ Machine Intelligence/Artificial Intelligence for something more useful
than playing games and sorting pictures. Most notably, we are wondering if MI
can contribute to battle the Climate Crisis?

This is the question the students participating in the seminar tried to dis-
cuss in summer 2021. The students examine the state of the art use of machine
learning methods in the context of oceans, solar energy, smart cities, the trans-
portation sector, collective decision making, animals as well as forestry agricul-
ture. Current trends are analyzed and projected into the future, which targets
the question whether Machine Intelligence will help us saving our planet.

3



4



Foreword

by Klaus Diepold

Dear Reader,

welcome to the Proceedings of the Seminar on Machine Intelligence Summer
2021 edition.

These days the academic community spends significant amount of energy dis-
cussing innovations in teaching and learning. In particular, the advent of digital
tools causes a frenzy about the introduction of digital innovations in teaching.
Such digital innovations include video based teaching materials aka MOOCs
(massive open online courses), various concepts for ’inverted classrooms’, the
use of tablets, clickers, online voting and feedback and other computer-based
tools as well as using all sorts of digital media and much more.

I am all for experimenting with new formats of teaching, and a reasonable
use of digital tools can be helpful and even inspiring at times. Any new way of
teaching, be it digitally supported or based on less technically demanding meth-
ods and tools shall be evaluated if they actually help students to earn a better
education. This last question taken by itself is already a challenge, because we
lack reliable methods to measure the success of education and hence we have
a hard time to distinguish between good and better. Looking at examination
results is certainly not enough, just as much as student evaluations are seldom
more than an assessment of the students’ well-being. These methods are prone
to all sorts of secondary effects rendering the results close to useless.

One measure of success that I regard as rather reliable and instructive is
to what extend I succeed in activating the students in a class. By activation
I mean that students are actually going out on their own acquiring facts and
knowledge, digesting and actively discussing the material they found among
themselves, without me telling them exactly what they are supposed to be
doing. This way they create new knowledge and experiences. And that I would
declare a successful education.

The book you hold in hands is the result of one of my educational exper-
iments. The students were set up to collect, acquire, digest and produce new
knowledge for themselves. This year we ventured to explore future research di-
rections for Artificial Intelligence when applied to the epic struggle of humanity
against the self-inflicted effects of the Climate Crisis. I dearly hope that this
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seminar also serves for the students as a preparation for choosing a topic for
their final project before concluding their Master’s degree at TUM. The knowl-
edge students gain this way may not be new to the world or to the scientific
community, but it is new to the students and it is active in their minds by virtue
of the process they went through. Besides the new knowledge they pick up, they
also gain experience in the process of collecting and digesting information, be-
ing critical and constructive as well as experiencing the power of communication
and intellectual exchange with their peers and hence turning information into
knowledge.

One aspect that I find instructive to measure the success of this course
format is the amount of effort and time students invest in the course voluntarily,
without me, the instructor, urging or requiring them to work harder. They just
do it, because they feel inspired and because they are curious. Funny enough,
this extra engagement on the students side earned me an exhorting message
from my Dean of Study, who felt that our students were overly burdened by
the course. This exhortation was the result of the students’ course evaluation,
where students indicated that they’ve worked many more hours than accounted
for the by the assigned credits. However, the students also acknowledged that
they loved the course in spite of the long hours. To me, this is a strong indicator
that we did something right. I am exuberantly happy about the outcome of
the course, which is exactly this book and I am proud of the students who
proved very convincingly that they are maturing academically and that they can
create interesting research-related output way beyond reproducing the content
of lecture notes.

In spite of this somewhat personally felt success, I still had to promise to
the Dean of Study that next year we will return to a format with reduced work
load. I am not sure if the students can keep up to this promise if I succeed
to fire them up to a similar amount, possible with one of my next educational
experiments.

Munich, September 2021
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Chapter 1

Introduction

by
Matthias Kissel,

Mohammed Tnani,
Sven Gronauer

and Klaus Diepold

This introduction provides background information about the genesis of this
book, why it exists, how it was conceived and how it was finally produced. This
account shall serve to also communicate the didactical concept underlying the
process that eventually produced the book.

From this account it is also clear that the content of the book represents
a snapshot of current thinking about the use of machine intelligence for eval-
uating, assessing or even mitigating the effects of the Climate Crisis. This is
taken with a perspective as seen by students who are just about to enter the
world of science. The book is the result of the one-semester Seminar Machine
Intelligence. The seminar is a course in the curriculum of the Master of Science
in Electrical and Computer Engineering, which is offered by the Faculty of Elec-
trical and Computer Engineering of the Technical University of Munich (TUM).
The seminar consists mainly of weekly meetings for 2 hours to discuss and work
on the subject. The work is organized as group discussions and team work.
Students have to read, write, review and present their findings on a weekly
basis. To this end, new digital e-learning tools and methods were employed
along with discussion styles such as world-cafe or speed-dating discussions and
other styles of organized communication. Students do presentations as Pecha
Kuchas, a specific presentation format that consists of 20 slides, each shown
for 20 seconds. That makes every presentation to last just 6 minutes and 40
seconds. This format facilitate for highly focused and condensed presentation
sessions, while also creating a spontaneous and fun atmosphere. It is tough
to be boring under such conditions, and if a presenter is boring, it is quickly
over. Throughout the seminar participating students should learn fundamental
aspects of scientific research along with honing their skills in oral and written
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4 CHAPTER 1. INTRODUCTION

communication in a scientific or technical field. The intention for the students
in the course is to develop ideas and paths for future research in the field lead-
ing towards insights and methods necessary to design and implement intelligent
machines in the broader sense of the word.

The seminar in total was structured in three major stages, which we elabo-
rate a bit here.

1st Stage: Individual Reading, Writing, Reviewing, Discussing Dur-
ing the first stage the seminar started out with all students jointly reading a
set of fundamental papers or book to set the stage and provide for a shared ba-
sis and reference for future discussions. Between subsequent meetings students
agreed on a set of chapters to read until the next meeting. Students were also
asked to reflect on their reading by writing short essays along some high-level
guiding questions. Each of the students’ essay had the size of 5000 characters
(incl. spaces). The students uploaded their essays before the next meeting
using the e-learning platform Moodle. Furthermore, students were randomly
assigned essays of their fellow students to read and review. During this stage,
the students discussed the content of the book during the weekly meetings, us-
ing various forms of discussion, such as world cafe, speed dating discussions,
fishbowl discussions, cocktail party discussion. This form of reading, writing,
reviewing and discussing generated a shared domain of knowledge to facilitate
the later stages in the process. It also conveyed fundamental information about
the field of study on intelligent systems as well as some facts on the Climate
Crisis. This first stage took about 4 weeks.

2nd Stage: Team - Researching, Presenting, Discussing The second
stage started with a workshop where the students tried to identify major fields
of science and technology, which were considered essential to push the topic of
machine intelligent for handling the Climate Crisis into the future. By the end of
the workshop, the student agreed on a list containing the dominating fields and
domains. Subsequently, students could assign themselves to one of these items
on the list to further study the field in more detail. During the next five weeks,
the teams of students researched their chosen field compiling information about
the state of the art and the major trends. During the weekly contact hours one
student per team delivered a Pecha Kucha presentation, highlighting the group’s
findings during the past week for all others to understand and participate. The
presentations were followed by discussions on open points. The one purpose of
the presentations is to disseminate the essence of the information collected over
the past week to the fellow students. Another objective is to sharpen the sense
of the presenters to think about their target audience and to tailor the amount
and the level of detail of the presentations to match the expectation of their
target audience.

3rd Stage: Projecting - Writing - Reviewing The book is written by
students mainly for students. It does not claim to contain and communicate
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ultimate truths, but rather tries to project current facts and trends into future
directions of research based on a intense investigation of trends and possibilities.
The book may prove to be a helpful tool to orient students interested in the
study and the development of intelligent systems, AI, machine learning and
so on as a basis to narrow down on a topic for their Master thesis projects
or even beyond. Not least of it, the book may also display interesting ideas
and anticipations, which may be helpful even for more seasoned researchers to
communicate with young people and transmit the excitement for science and
research on intelligent systems using a language and level that students can
digest and appreciate.

We hope, you the reader, will find inspiration in the chapters and the ma-
terial to further lead the discussion about practical uses of machine intelligence
to tackle serious societal challenges. If you have any remarks on this book, our
process or the course itself, we would love to hear from you.



6 CHAPTER 1. INTRODUCTION



Chapter 2

Machine Learning for
Oceans

Atamny, Omar
Hacket, Franziska
Li, Wantao;
Lorenz, Julian
Matthies, Stephan
Schuran, Max
Sieber, Konstantin;
Wu, Jiamin
Zhang, Yingyi

Abstract

Our oceans and the life contained within them are largely unexplored, yet they
play a critical role in keeping earth habitable for humans and animals alike.
Currently, however, large numbers of coral species and other marine life are at
risk of extinction as a result of anthropogenic climate change and the pollution
of our oceans induced alongside it.

In this report, we investigate problems in marine science and predict prospec-
tive future solutions provided by new machine learning algorithms. For this
purpose, we analyse different upcoming trends in oceanography. These trends
include different forms of data acquisition using autonomous seacraft and re-
mote sensing, for instance in the adoption of unmanned autonomous vehicles
and satellite imagery for monitoring events that have a strong climate-impact.
Additionally, we detail potential trends for the enhanced prediction of renewable
energy sources, which is particularly interesting for the purpose of abandoning
fossil fuels. Lastly, we explore how we could obtain better models of our oceans
in the future, for instance for mapping- and prediction-purposes. This also
includes improved forecasting of extreme weather conditions.
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8 CHAPTER 2. OCEANS

2.1 Introduction

It is said, that over 80% of our oceans are unmapped, unobserved, and unex-
plored. It is clear that our oceans provide a habitat for billions of lifeforms,
over 90% of which have not yet been discovered, according to some estimates [1,
2]. Some of these organisms produce oxygen, some of them provide nutrients
to other organisms. This might seem like the beginning of a description of a
balanced and stable eco-system, when in fact our oceans are incredibly suscep-
tible to outside influences. Too many parts of the biosphere failing will cause a
ripple effect on the rest of the system, and with anthropogenic climate change
already negatively affecting the health of our coral reefs, oil spills polluting our
waters, and the abundant microplastics in our oceans being absorbed by marine
organisms, it is up to us to find solutions to these problems before they become
irreversible.

One possible approach to these issues is the use of machine learning. Because
of it’s broad field of applications, machine learning can be adapted to many sci-
entific studies. For instance, current algorithms can forecast the climate more
accurately, which has become more and more difficult in recent years [3]. Fur-
ther, with the support of state-of-the-art satellites and drones, the yet unmapped
areas of the ocean can be explored and unforeseen oceanic catastrophes can be
contained, before they damage the environment irreversibly.

In the following sections, potential future trends in machine learning and
data science connected to oceanography will be identified and assessed in terms
of their potential impact on the environment as well as our efforts for ocean
preservation. The report concludes with a driver matrix rating the trends we
found in terms of impact and uncertainty, as well as some final remarks.

2.2 Trends

2.2.1 Remote Sensing

For researchers and policy makers alike, information gathering and data acqui-
sition are vital to understanding the world around them. Often, this process of
collecting the necessary data is made feasible through the use of sensors tak-
ing samples on-site. For the case of oceanography, however, this is not always
possible. With oceans covering over 70% of earth’s landmass, it is simply not
possible to keep an up-to-date view of current events from on-site measurements
everywhere at once. This problem can be addressed through the use of remote
sensing, whereby an object of interest can be measured without making physical
contact in the process [4]. This way, data can be acquired without having to
be on-site. Traditionally, remote sensing on earth is performed using satellite
imagery or aerial vehicles and a wide range of applications exists. For instance,
mapping earth’s surface, detecting fire and even agricultural planning have all
been simplified through the use of remote sensing technologies [5, 6, 7]. One
application receiving increasing attention is the use of satellite imagery in mon-
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itoring the health state of our oceans. In the following sections, facts about
the impact of global warming on marine life as well as some state of the art
applications countering these effects will be established. Key drivers for the
development of remote sensing in the context of ocean monitoring will be high-
lighted and subsequently, challenges as well as the impact these trends have on
the environment will be discussed.

Facts

• Coral reefs provide habitat for many sea-dwelling species. However, about
50% of all coral reefs have already disappeared [8], and up to 90% of them,
including the Great Barrier Reef, are projected to disappear by 2050 if
global warming continues at the current rate [9]. Assessing the health
state of a reef is traditionally very labour intensive because divers need to
collect data on-site, even if the data is later automatically analyzed [10].

• Harmful algae blooms, a process characterized by the quick and widespread
growth of harmful algae colonies into large-size algae fields [11], are be-
coming increasingly frequent. This constitutes a problem due to toxic
byproducts produced in the process, causing environmental and economic
damages in the process [12].

• In the event of an oil spill, swift action is necessary, because just one litre
of oil can potentially contaminate up to a million litres of water [13].

Key Drivers

• In many scientific groups, acquiring data constitutes a large part of the
research process. For instance, trained divers often manually capture data
under water. In the future, more and more of this work could be diverted
to autonomous sub-sea drones and other remote-sensing technologies [14].
Increased use of machine learning methods will only hasten this process
and potentially save a considerable amount of resources.

• Recent work has shown that it is possible to detect coral bleaching and as-
sess reef health using satellite imagery in combination with neural-network
based approaches [15, 16, 17], which could help in diverting labour force
to other important tasks in the future.

• Detecting and understanding the formation of algae blooms is of interest
to researchers and policy makers alike. Studies have demonstrated that
detecting and assessing them is possible through the use of remote sens-
ing [18]. Machine learning has yet to be widely adopted in this regard,
but as with the previous point, it promises a decrease in the labour force
needed for this task in the future.

• Swift detection of oil leaks plays a crucial role in preventing irreversible
ocean pollution, and researchers are currently testing machine learning
methods of detection using satellite imagery in this regard [19, 20, 21].
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Challenges

• Clouds can obstruct satellite vision, making it difficult to interpret data
reliably.

• Operation time for autonomous drones is limited to due to constraints in
battery technology.

• Ensuring time-coherence for satellite data poses a challenge because of
the limited time window for which a particular region is in view of the
satellite.

• Dataset bias and other signal-processing related issues can potentially lead
to unreliable algorithms [21].

• Interference due to oceanic phenomena, like weed beds and algae blooms,
makes oil spill detection difficult for some remote sensing techniques [20].

Impact

After talking about the challenges to overcome, this section details the poten-
tial impacts of the identified key drivers. With the help of improved satellite
imagery, ocean events such as oil spills and coral bleaching events can be de-
tected in the early stages. The broader availability of satellites to researchers
makes studying these events easier and could help mitigate further pollution of
our oceans. Increased use of machine learning methods will only aid researchers
and policy makers in this regard, potentially freeing up a considerable amount
of labour force that could be used elsewhere.

2.2.2 Autonomous Seacraft

To gain more knowledge about the complex mechanics of the ocean’s ecosystem
and physical dynamics, we need to gather data directly from the sea. These
so called in-situ measurements are extremely valuable yet difficult to collect.
Marine scientists need to take long expeditions on a boat where they take many
samples from the ocean. This can be very tedious. As an example, for taking
water samples at different depths, manual labour from divers is required. Diving
operations require long preparation and can only be performed if the weather
allows it. That is why the sample sizes in marine applications are compara-
tively low. Having only small data sets makes it hard for data scientists to train
machine learning algorithms, which in turn could ease the work of marine biolo-
gists and physicists. For example, Puissant et al. [22] use a large series of in-situ
measurements combined with remote sensing data to train self-organizing maps
that predict phytoplankton populations using only satellite data. Because the
ocean takes up over 70% of the earth’s surface, there is little chance it could be
sufficiently sampled only by manual labour. Autonomous seacraft can help to
decrease the efforts of taking in-situ samples.
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Figure 2.1: Environment of Autonomous Seacrafts

In general, seacraft can be divided in two groups: Remotely Operated Vehi-
cles (ROVs) and Autonomously Operated Vehicles (AOVs). The latter group
can be further divided in Autonomous Underwater Vehicles (AUVs), also called
Unmanned Underwater Vehicles (UUVs), and Autonomous Surfaces Vehicles
(ASVs), also called Autonomous Surface Craft (ASC). In this trend report, we
will focus on the autonomous operated vehicles and discuss their challenges and
impact on the marine environment and therefore on climate change.

Facts

• There are already several projects for autonomous seacraft as for example
FRED - Floating Robot for Eliminating Debris [23]. For these systems,
machine learning is included in several parts, for example for sensing the
environment with cameras, intelligent energy management and control
algorithms.

• For ASVs, GPS is widely available and is sufficient for their navigation
requirements.

• According to the US National Oceanic and Atmospheric Administration
(NOAA), more than 80% of the ocean’s floor remains unmapped, unob-
served, and unexplored [2].

Key Drivers

• Ocean floor exploration is one of the main applications for AUVs. Due to
the pure surface area of the oceans, it is tedious to cover by manual labour.
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The winning technology of the Shell Ocean Discovery, XPRIZE [24], pro-
vides an example on how ASVs and AUVs can be used in corporation to
take on such tasks.

• Navigation research for vehicles in GPS-denied areas is crucial for AUVs.
Advances in swarm navigation research will allow them to determine their
position even below the water surface. Reinforcement learning can help
at multi-objective path planning, because AUV swarms need to position
themselves both optimally for navigation and for exploration at the same
time [25].

• Autonomous seacraft can help to identify and report illegal fishing activi-
ties [26, 27], for instance by detecting fishing vessels with cameras on the
seacraft that use ML-based detection algorithms.

• Current systems for detecting plastic pollution on the oceans can detect
plastic on the surface of the oceans. However, most of the plastic is in
garbage vortices in the oceans [28]. With AUVs and adapted machine
learning algorithms, also the plastic below the surface can be detected.

Challenges

• Especially for AUVs, navigation is still a big challenge as navigation in
unconfined environments is still an unsolved problem. Potential solu-
tions could be Simultaneous Localization and Mapping (SLAM) based
on bathymetry (i.e. topographical maps based on echosounders) or het-
erogeneous swarms including a combination of ASVs and AUVs [29].

• Moreover, for ASVs the main source for positioning is GNSS, which is vul-
nerable for intentional and unintentional RF interference. One example
are GPS jammers, which can be actively used to deny access to a posi-
tion source. Engineers can mitigate that threat by also including other
positioning sources such as enhanced Long Range Navigation (eLORAN),
Differential GPS (DGPS) or by backing up navigation with inertial mea-
surement units [30].

• Another challenge or even a risk is that with the deeper development of
further autonomous seacraft, this will lead to an increase of the produc-
tion of seacraft as well as to an increase in the usage of seacraft [29].
Depending on the type of drive, more or less greenhouse gas emissions are
generated during the production but especially during the usage at the
sea. This might lead to Jevon’s Paradox as instead of helping the marine
environment with autonomous seacraft, autonomous seacraft could even
worsen the state of the marine environment.

• On top of the technological challenges, a legal framework for autonomously
operating vessels must also be established. It will have to be clarified how
autonomous ships are handles under admiralty law [31].
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Impact

Autonomous seacraft will improve the way in-situ measurements for ocean en-
vironment monitoring are taken. They have the chance to significantly reduce
the need for manual labour of scientists and increase the overall sampling rate.
This will help to gain a better understanding about the conditions of our oceans
and produce large amounts of data which could be used for machine learning
applications, for instance to complement remote sensing technologies.

Furthermore, with the help of autonomous seacraft, plastic and oil pollution
can be detected and reported easily as well as illegal fishery. In a second step, the
autonomous seacraft could also be equipped with a garbage system to directly
remove the pollution.

2.2.3 Machine Learning in Marine Renewable Energy Pre-
diction Problems

Climate change’s impacts have become abundantly clear. The major reason is
that energy generation is reliant on fossil fuels. The most pressing issues in
the future years and decades will be the quest for alternative energy sources
and the decrease of fossil fuel consumption. Marine renewable energy (MRE)
has enormous potential. Marine energy is plentiful and there are large spaces
in both marine and coastal environments that can be considered for gathering
various kinds of marine energy, such as tide and wave energy, floating solar
energy, and osmotic energy. Therefore, innovative technological developments
which are relevant to harvesting ocean energy are strongly encouraged [32].

Marine renewable energy generation and its integration into power networks
are the areas where machine learning techniques can be applied. Marine natural
phenomena such as wind, tides, and waves exhibit the same property: intermit-
tency. Machine learning enables to learn and predict the pattern of intermit-
tency based on large amounts of structured and unstructured data. That is to
say, when applying machine learning algorithms to weather reports, including
forecasting of sunrise and sunset, Beaufort scale, precipitation, etc., they were
able to predict the output over the next 36 hours. However, the integration of
natural phenomena with manufactured devices in a harsh environment imposes
constraints and implementing these approaches is still a big challenge [33].

Facts

• Offshore wind energy:
Over the previous decade, research into onshore wind has made great
achievement. For around ten-fold cost reduction, it becomes more com-
petitive. Wind energy installations in Germany have grown from about
9.5 TWh in 2000 to an approximate 131.9 TWh by the end of 2020 [34].
The cost of offshore wind energy depends on the specific environment
and the cost of an offshore project is significantly more than an onshore
project [35].
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• Tidal stream and ocean current energy:
Tidal streams are driven by changes in the tidal head as they move down
the coast, and the resources that can be exploited are concentrated in
certain locations such as straits, off headlands, in bays, or between islands
and landmasses where the coastal geometry contributes to the enhance-
ment of the tidal currents. Ocean currents are formed as a result of oceanic
circulation and wind shear. The strongest ocean currents include Florida
current and Agulhas current, both currents are capable of reaching speeds
of up to 2m · s−1 [36].

• Wave energy:
Engineers have already invented multiple types of the wave energy con-
verter such as salter’s duck, pelamis wave energy converter, Manchester
Bobber, Archimedes wave swing machine, Wave Dragon, to name some of
them. In [36], the author has mentioned that the most recent wave labora-
tory facilities are Edinburgh’s circular wave tank, FloWave, and Shanghai,
Plymouth, Cork, Trondheim, and Ghent’s rectangular wave basins [36].

Key Drivers

• Offshore wind energy:
In comparison to other marine renewable energy sources, research into
offshore wind is more mature, owing to the fact that onshore wind en-
ergy has already been an important and major industry. On the other
hand, offshore winds are much stronger and consistent than onshore wind.
Therefore, offshore wind is the best alternative source of onshore wind [37].

• Tidal stream and ocean current energy:
Although many variables influence the process of tides, tides are still highly
predictable. Tidal and ocean currents often surpass 1m · s−1 [38].

• Wave energy:
Wave energy is the world’s largest projected source of ocean energy. The
energy density per meter of wave along the beach is between 30 and 40
kW [39].

Challenges

• Offshore wind energy:
The research of long-life and cost-effective devices that could survive in
the cruel marine environment is still an important challenge. Machine
learning can help to reduce costs by catching problems before malfunc-
tions happen and optimize the powerplant schedules based on weather
prediction. In [40], the author introduced machine learning methods for
wind turbine condition monitoring, which detect malfunctions based on
generator temperature and power curve monitoring. As [41] indicated,
using inflow wind velocity and directions as predictor variables, a data-
driven prediction framework can predict wind farm output by training
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machine learning approaches such as the general regression neural network
(GRNN), random forest (RF), support vector machine (SVM), gradient
boosting regression (GBR), and recurrent neural network (RNN).

• Tidal stream and ocean current energy:
The classical method for the prediction of tidal currents is harmonic anal-
ysis, which is deemed as state-of-the-art. However, it has several flaws
that could result in forecast errors due to rapid tidal currents and ’noisy’
tidal signals. To this end, Dripta Sarkar and his colleagues presented a
machine learning approach to the prediction of tidal currents, which is a
robust and efficient algorithm by using the Gaussian process. However,
this approach is computationally expensive. The research of an alternative
algorithm is the current challenge [42].

• Wave energy:
The primary difficulties are optimizing power output and minimizing en-
vironmental effects and operational expenses. Using a deep learning tech-
nique based on long short-term memory (LSTM), which is introduced
in [43], a cost-effective wave energy converter dubbed ”Searaser” was cre-
ated to predict the output accurately.

Figure 2.2: An offshore wind turbine [44]

Impact

• Offshore wind energy:
The cost reduction is expected to advance the spread of offshore wind
energy technology, which may become the central pillar of the transition
to low-carbon electricity generation.
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• Tidal stream and ocean current energy:
It aids in more efficiently harnessing energy from the site of rapid tidal
currents.

• Wave energy:
Wave energy is more dependable than wind or solar energy, and so may
replace the void created when wind or solar energy fails to function. Thus,
they can be seen as a better mix of energy sources, reducing reliance on
traditional energy sources such as natural gas, crude oil, and coal.

2.2.4 Extreme Climate Prediction

In recent years, artificial intelligence has been used to help rank climate models,
spot cyclones or other large-scale weather events, as well as for the purpose of
identifying and predicting climate patterns. However, the question to which ex-
tent variable ocean heat is imprinted on the atmosphere to realize its predictive
potential over land remains unsolved [45].

El Niño-Southern Oscillation (ENSO) is an inhomogeneous climatic condi-
tion, originating in the tropical Pacific Ocean, that causes heavy rainfall, floods
and droughts with catastrophic effects in many countries. Long short-term mem-
ory (LSTM) models have the ability to capture the long-term time dependence
of ENSO, which enables those models to predict ENSO phenomena in multiple
steps over a longer period of time. This is done by integrating a complex climate
network analysis into a neural network regression task. Figure 2.3 shows the
two stages of the mentioned approach. According to the results shown below,
the 12 network indicators, which were extracted as predictor variables, have the
potential to predict ENSO phonemena over a longer period of time [46].

Sea surface temperature (SST) is used as a prognostic and diagnostic in-
dicator in numerical weather prediction and in global climate modeling [47].
It significantly affects the processes of air-sea interactions and thus forms an
important measure of climate changes [48]. Currently, it is possible to make
predictions for a given individual location with the help of manual or simple
neural networks. Furthermore, there is a growing trend to expand the range
of these predictions. As proposed by Xiao et al. [49], artificial neural networks
(ANN) using a convolutional long-short-term memory (ConvLSTM) approach
can predict SST on a daily time-scale. Selected lengths of past daily SST obser-
vations are provided to the neural network and the SST predictions for various
points in the future can be derived as outputs. Using this method, ANNs trained
on satellite-derived SST data can predict future values up to 7 days in advance
and detect extreme weather events up to 5 days in advance [49]. Recent ex-
periments using satellite SST data of the past 36 years in the East China Sea
show the superior performance of the proposed model in comparison to the
best known algorithms like persistence models, linear support vector regression
(SVR) models and two different LSTM models. The results indicate that the
model is promising for accurate and convenient short- and medium-term daily
SST field forecasting [49].
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Figure 2.3: The schematic representation of the proposed approach for forecast-
ing ENSO event

Changes in the dissolved oxygen concentration of the ocean have important
implications for marine ecosystems and global climate change [50]. The deep
learning-based model called marine deep jointly informed neural network (M-
DJINN), is proposed to predict marine dissolved oxygen concentration (MDOC).
According to [50], this new model achieves reduced prediction errors and better
convergence in comparison to other models [50]. As the ocean takes on regula-
tory functions in earth’s climate, there is great research potential in applying
machine learning to predict typhoons, SST, MDOC and tropical cyclone, to
name only a few possible applications.

Facts

• Extreme weather events such as storms, heat waves, floods and droughts
increase in frequency and severity. There is a great need to provide early
warning of such weather events for the safety of human life and prop-
erty. However, there is still a lack of accuracy in current extreme weather
forecasts.

• Oceanic activity plays a key role in climate change. In addition to long-
term effects, the ocean also influences the emergence of extreme weather,
which is why great importance is attributed to the study of ocean changes
when forecasting extreme climate.
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• There are already studies on the use of ocean information to predict ex-
treme weather [51].

• The relationship between the ocean and extreme weather forecasting is
not well-studied, which is why current machine learning models mostly do
not achieve desirable results.

Key Drivers

• There is a need for extreme weather prediction.

• Research on well-known algorithms and various types of deep learning
algorithms.

• Development of various climate prediction models.

• Existing knowledge about the ocean is used to obtain better mathematical
models.

• Lessened hardware constraints due to technological advances.

Challenges

• Currently the knowledge about the ocean only scratches the surface. Many
more problems have to be solved.

• Due to the vast space of the ocean, any kind of meaningful data acquisition
will be very difficult, subsequently affecting the size of captured data.

• As with most scientific fields, interdisciplinary collaboration is essential
for achieving satisfactory results.

Impact

Assuming that collaborations between, for instance, oceanography experts, earth
science experts and machine learning experts become more common, prediction
of extreme weather could improve drastically. If proper use is made of the ex-
isting information about our oceans and climate change in general, the arrival
of extreme weather events can be predicted much earlier and more accurately.
In this way, machine learning can be an important tool in minimizing loss of
property and life in the future.

2.2.5 General Modeling and Analysis using Neural Net-
works

As mentioned in previous sections, oceans cover over 70% of the earth’s surface.
Naturally, this means that they make up a large portion of the entire ecosystem
and are thereby able to exert considerable influence on many events on earth.
Owing to the fact that most of our oceans remain unexplored, we neither fully
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understand how they influence our ecosystem precisely, nor how our actions in-
fluence them. Presently, numerical models are dominantly in use when it comes
to ocean models or ocean forecasting. These models are computationally ex-
pensive and prone to failure, especially when it comes to unstructured, complex
natural processes. This is where machine learning models – in this section we
focus mostly on Neural Networks – can make a difference, as they possess the
ability to learn from data and are thereby able to ’understand’ complex pro-
cesses better [52]. In the most recent papers concerning machine learning in the
domain of ocean models, a trend could be observed of using neural networks
in favor of more conventional ocean models. In this section we want to present
some of the domains where neural networks are currently being researched to
improve or assist existing practices.

Facts

• It is very timely expensive to locate drifting plastics or other floating waste
in the vastness of the oceans. An autonomous way of detection would not
only save resources but speed up the cleaning of the ocean [53].

• Ocean wave prediction can be helpful for energy production and planning
of shipping routes [52].

• Sea level rises propose a threat to communities and coastal ecosystems [54].

• Ocean noise from human origin has impacted marine plants and the oceans
soundscape [55].

• Through reflectance of the ocean, information about the health of the
observed area can be derived.

• Ocean currents make the navigation of Unmanned Underwater Vehicles
difficult [56].

• Through ocean subsurface temperature we can get information about the
environmental conditions, the sea level as well as climate patterns [57].

Key Drivers

• Long Short Term Memory Neural Networks have shown great predictive
performance in the applications of real time ocean current predictions, sea
level predictions and also of wave heights. Outperforming conventional
numerical models [58], established statistical models like ARIMA [59] or
achieving very low reported errors (Root Mean Square Error in the range
of 0.1 to 0.11) [56].

• A back-propagation neural network could be trained to obtain the sub-
surface ocean temperature from selecting optimal input data gained from
satellite data, such that predictions could be improved [60].
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Figure 2.4: These floating plastics could be detected by CNNs in the future such
that it could be removed more efficiently by human helpers [62].

• Convolutional Neural Networks (CNN) could be trained which achieved
very good results when it comes to classification application in the domain
of ocean soundscape and floating plastic waste. With an accuracy of about
96% sound sources could be classified, which originated for example from
sea life or humane origin [55]. In addition to that another CNN achieved
an accuracy of 83% for plastic waste classification on satellite imagery [53].

• A so called ”Neural Network Reflectance Prediction Model” was trained
that models the ocean reflectance much more computational efficient than
the simulations which are commonly used and also speed up algorithms
which retrieve information about important properties like ”colored dis-
solved organic matter (CDOM), sediments, phytoplankton, and pollutants
in water” [61].

Challenges

• Collecting data in the deepest areas of the oceans could be challenging
for humans and for robots. Human vehicles or robots that go deep below
the ocean surface should be prepared to endure very high pressure, low
temperatures and be able to communicate with the ship or station on
the surface. While this is technologically possible, it remains financially
difficult to achieve for most countries in the world.

• Due to the climate change, the environment could show much more fluc-
tuating behavior which will make predictions even harder and will require
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a constant data flow to be able to adapt or retrain models to possible
changes.

• Machine Learning models like Neural Networks can consume large amounts
of energy during training depending on the number of parameters and also
require high quality hardware (i.e. GPUs) to be trained in reasonable time.
This is not only expensive, but can also have effects on the environment
due to the emissions from energy- and component-production.

• Most of the time, Neural Networks work like a black box of a model, where
only input and output are really known. This is why underlying dynamics
of the model will stay hidden and one would not gain more insight into
the dynamics of the oceans when a new field would be directly explored
with Neural Networks.

Impact

Producing accurate models of the oceans is very helpful for understanding how
human actions affect our oceans when it comes to climate change and also
for coping with the effects of climate change on the oceans, as for example
rising sea levels. The rising incorporation of Neural Networks in oceanography
has shown to outperform existing models which were already being used. Any
kind of optimization in this domain will yield better predictions through which
humans can adapt better to the ocean and also decrease errors which will have
negative effects on the ocean. In addition to that, through the use of CNNs,
completely new automated applications can be realised which help in cleaning up
and conserving the ocean. Through the use of NNs, assessing ocean parameters,
which yield information about the ocean’s health, can be optimized and also
become more precise. Overall, the versatility of Neural Networks can not only
improve existing models but also create new fields of application when it comes
to the ocean and therefore has the ability to be very impactful.

2.3 Conclusion

The sections above naturally do not constitute an exhaustive list of potential
future trends in machine learning and data science connected to oceanography.
Nevertheless, we believe that in the near foreseeable future, the applications for
neural networks and other machine learning methods we mentioned will find
much more widespread use within the marine science community compared to
the current state-of-the-art.

Remote sensing technology will likely experience a widespread inclusion of
specialised neural networks for detection- and classification-purposes, for in-
stance when monitoring harmful algal blooms and oil spills, helping with climate
change mitigation.

More autonomous seacrafts will likely be used, not only for further explo-
ration of our oceans but also for facilitating the process of data acquisition and
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Remote Sensing

Autonomous Seacraft

Marine Renewable Energy

Extreme Weather Prediction

Ocean Modeling

Low

Impact

High

Low Uncertainty High

Figure 2.5: Driver matrix

freeing up labour force that could be used elsewhere in research.
The identification of marine renewable energy sources is another area of

interest that we predict will see increased inclusion of machine learning, which
will aid in solving some of the challenges scientists are currently facing, for
instance in the development of offshore wind energy.

A drastically different field of study that we predict will see increased use of
machine learning in the future is the forecasting of extreme weather conditions.

Finally, bringing all of the above together, more accurate models for ocean
analysis in general could emerge as a result of improved neural networks.
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[45] Marius Årthun et al. “Skillful prediction of northern climate provided by
the ocean”. In: Nature communications 8.1 (2017), pp. 1–11.

[46] Clifford Broni-Bedaiko et al. “El Niño-Southern Oscillation forecasting
using complex networks analysis of LSTM neural networks”. In: Artificial
Life and Robotics 24.4 (2019), pp. 445–451.

[47] Jennifer A Hanafin and Peter J Minnett. “Measurements of the infrared
emissivity of a wind-roughened sea surface”. In: Applied optics 44.3 (2005),
pp. 398–411.

[48] Li Wei, Lei Guan, and Liqin Qu. “Prediction of Sea Surface Tempera-
ture in the South China Sea by Artificial Neural Networks”. In: IEEE
Geoscience and Remote Sensing Letters 17.4 (2019), pp. 558–562.

[49] Changjiang Xiao et al. “A spatiotemporal deep learning model for sea
surface temperature field prediction using time-series satellite data”. In:
Environmental Modelling & Software 120 (2019), p. 104502.

[50] Lihao Wang, Yu Jiang, and Hong Qi. “Marine Dissolved Oxygen Predic-
tion With Tree Tuned Deep Neural Network”. In: IEEE Access 8 (2020),
pp. 182431–182440.

[51] Martin Mäll et al. “Modeling Parameters and Impacts of Future Cyclones:
South-East Asian and Northern European Case Studies”. In: IGARSS
2019-2019 IEEE International Geoscience and Remote Sensing Sympo-
sium. IEEE. 2019, pp. 9346–9349.

[52] Ranran Lou et al. “Application of machine learning in ocean data”. In:
Multimedia Systems (2021), pp. 1–10. issn: 1432-1882. doi: 10.1007/

s00530-020-00733-x. url: https://link-springer-com.eaccess.
ub.tum.de/article/10.1007/s00530-020-00733-x#ref-CR31.

[53] Mattis Wolf et al. “Machine learning for aquatic plastic litter detection,
classification and quantification (APLASTIC-Q)”. In: Environmental Re-
search Letters 15.11 (2020), p. 114042. issn: 1748-9326. doi: 10.1088/
1748-9326/abbd01. url: https://iopscience.iop.org/article/10.
1088/1748-9326/abbd01.

[54] Michael Oppenheimer et al. “Sea Level Rise and Implications for Low
Lying Islands, Coasts and Communities”. In: IPCC Special Report on the
Ocean and Cryosphere in a Changing Climate. 2019. url: https://www.
researchgate.net/publication/336134630_Sea_Level_Rise_and_

Implications_for_Low_Lying_Islands_Coasts_and_Communities.

[55] B. Mishachandar and S. Vairamuthu. “Diverse ocean noise classification
using deep learning”. In: Applied Acoustics 181 (2021), p. 108141. issn:
0003-682X. doi: 10.1016/j.apacoust.2021.108141. url: https://
www.sciencedirect.com/science/article/pii/S0003682X21002358.



REFERENCES 27

[56] Alexandre Immas, Ninh Do, and Mohammad-Reza Alam. “Real-time in
situ prediction of ocean currents”. In: Ocean Engineering 228 (2021),
p. 108922. issn: 0029-8018. doi: 10.1016/j.oceaneng.2021.108922.
url: https : / / www . sciencedirect . com / science / article / pii /

S0029801821003577.

[57] National Centers for Environmental Information. GCOS Ocean Physics
ECV - Subsurface Temperature. https://www.ncdc.noaa.gov/gosic/
gcos-essential-climate-variable-ecv-data-access-matrix/gcos-

ocean-physics-ecv-subsurface-temperature. [Online; accessed: 27-
August-2021].

[58] Song Gao et al. “A forecasting model for wave heights based on a long
short-term memory neural network”. In: Acta Oceanologica Sinica 40.1
(2021), pp. 62–69. issn: 1869-1099. doi: 10.1007/s13131-020-1680-3.
url: https://link.springer.com/article/10.1007/s13131-020-
1680-3.

[59] Abdul-Lateef Balogun and Naheem Adebisi. “Sea level prediction using
ARIMA, SVR and LSTM neural network: assessing the impact of ensem-
ble Ocean-Atmospheric processes on models’ accuracy”. In: Geomatics,
Natural Hazards and Risk 12.1 (2021), pp. 653–674. issn: 1947-5705. doi:
10.1080/19475705.2021.1887372.

[60] Hao Cheng, Liang Sun, and Jiagen Li. “Neural Network Approach to Re-
trieving Ocean Subsurface Temperatures from Surface Parameters Ob-
served by Satellites”. In: Water 13.3 (2021), p. 388. doi: 10 . 3390 /

w13030388. url: https://www.mdpi.com/2073-4441/13/3/388.

[61] Lipi Mukherjee et al. “Neural Network Reflectance Prediction Model for
Both Open Ocean and Coastal Waters”. In: Remote Sensing 12.9 (2020),
p. 1421. doi: 10.3390/rs12091421. url: https://www.mdpi.com/2072-
4292/12/9/1421.

[62] Naja Bertolt Jensen. school of fish in water. https://unsplash.com/
photos/BJUoZu0mpt0. [Online; accessed 02-September-2021]. 2021.



28 CHAPTER 2. OCEANS



Chapter 3

Artificial Intelligence for
Solar Energy

Dai, Baiqi
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Abstract

With the increase of global warming, efforts are underway to control this issue
and reduce the carbon footprint as much as possible. One of the many of
such efforts is to shift from fossil fuel-based energy to clean renewable energy
resources such as wind, solar, etc. and integration of Artificial Intelligence (AI)
with renewable energy sources to make the deployment of these technologies
more efficient. This paper focuses on photovoltaic-based (PV) solar energy
technology and discusses various trends for the application of AI in solar energy
technology. The general background, facts, challenges and impact of different
trends such as automatic defect and fault detection, energy sharing, organic solar
cells research, and estimating solar energy potential on house roofs virtually are
discussed. Following these trends, a smarter, efficient and clean deployment of
PV-based technology is ensured with a medium impact on the global carbon
footprint with the potential to grow even bigger.
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3.1 Introduction

Rising issues about climate change, the health effects of air pollution, energy
security and access, as well as volatile oil prices in recent decades, have necessi-
tated the development and usage of low-carbon technology alternatives such as
renewable energy. Over the years, solar PV has been one of the most innovative
renewable energy technologies. By the end of 2018, the total installed capacity
of solar PV has surpassed 480 GW globally, making it the second-largest renew-
able energy source behind wind [1].

Renewable energy deployment has increased at a rapid speed recently, break-
ing records and overtaking yearly conventional power capacity expansions in
several locations. Solar PV power installations have dominated the renewable
business for many years, outperforming all other renewable technologies. Ac-
cording to a new study, solar PV power installations might nearly double in size
over the next ten years, reaching 2 840 GW by 2030 and 8 519 GW by 2050.
This means that the total installed capacity in 2050 will be about eighteen times
more than it was in 2018 [1] (see Figure 3.1).

However, this very promising development also causes multiple challenges
that need to be mastered in the upcoming years. The growing number of PV
modules makes the monitoring, maintenance and repair increasingly complex.
Significant cost reductions are driven by government actions, such as deployment
policies, finance, and other policies that have encouraged the PV installations
on private rooftops, which have led to a breakthrough in renewable capacity in-
creases in recent years. The calculation of the solar potential of a single rooftop,
however, takes between one hour to two full days which is extremely unfavor-
able in view of the cost. The development in this area is thus slowed down
consequently automation is desperately needed [1].

In order to cope with the increasing PV demand, millions of new solar cells
are going to be produced in factories that are predominantly located in southeast
Asia. It is intuitive that resources must be spent on research and development
of more efficient and organic Solar cells in order to reduce the environmental
pollution that occurs during production [1].

There are a lot of different approaches in order to overcome the problems
mentioned above. One of these approaches, which is the most promising, is the
usage of machine intelligence. Various machine-learning algorithms are already
in use in renewable-energy projections, according to numerous research. MI
enables high precision forecasting and improves the efficiency of the energy
system. Due to its high versatility, it is a suitable tool to tackle the mentioned
challenges.
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Figure 3.1: Cumulative solar PV capacity growth[1]

3.2 Trends

The following section describes various trends in the photovoltaic sector. Firstly,
automatic fault detection of solar power plants is presented. This should con-
tribute to the effective and cost-efficient mitigation of solar panel failures. Next,
the area of Energy Sharing is considered in more detail. The third trend deals
with research in the field of organic solar cells. Developments in this area can
contribute to a significant reduction in the price of solar cells. In the end, the
solar energy potential of housing roofs is described.

3.2.1 Automatic defect and fault detection

The solar power plant surfaces will increase significantly in the next decade. This
is implying many efforts in the maintenance of the solar panels. The largest
solar power plants in the world are able to produce hundreds and thousands
of millions of watts. It is very clear that manual inspection of solar panels
for surface defects is not efficient. Furthermore, some of the defects are even
harder to be detected by the human eye. Also, the best experts in the field fail
sometimes to detect in time the irregularities that can exist on the surfaces of
the photovoltaic modules. This is why computer vision and learning techniques
are needed: to improve the production quality and the efficiency of solar cells.

General background

Photovoltaic modules can experience thermo-mechanical stress during produc-
tion and usage. This stress can induce defects, for example, cracks, chromatic
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Figure 3.2: The process of detecting key-points in an image and classify the
defects with machine learning methods

aberration and yellowing, which can affect the power output [fatiguedegradation].
These defects are highly probable to cause faulty conditions in the modules: mis-
match fault, open circuit fault, bridging fault, earth fault, etc. One example of
a failure in the modules is the defective cells, which might not have a uniform
distributed current density due to the presence of shunts that may be created
by material defects. This will result in a lower output of a PV module. One of
the most common reasons for the loss in the PV modules output is generated
by cracks.[fatiguedegradation]

Facts

• Drones inspection and data collection

There are various techniques to inspect PV modules. Each technique has several
advantages and limitations and appears to be tailored to particular defects.
Drones are used for inspecting PV systems. They are often equipped with
RGB optical and thermal camera systems for inspections. Detectors commonly
utilized in PV infrared inspection are micrometer detectors. They fall into the
thermal category where the detector operates on the basis of heating by incident
infrared radiation [2]. Measurements may be accomplished in two ways. The
first is called quantitative, in which, genuine temperature values of items are
obtained. The second is qualitative. It gives the relative temperature compared
to different components with inside the inspected object. As mentioned the
drones are equipped with two camera systems. Drones use the pictures of the
thermal camera system for scanning the area for autonomous flight. When heat
radiation from the surface is detected, the drone knows it is a solar module.
In this case, the flight area can be defined. The next step is to analyze the
scanned images. Using image processing the several defects of PV modules can
be detected.

• Detection of defects

The inspection of PV modules is firstly done by the acquisition of images. A
very efficient solution is represented by autonomous drones. The acquired data
set is latest streamed into the pre-processing step, done by computer vision tech-
niques, and into the classification step, in which different classification Machine
Learning Algorithms are used for surface defect detection of the modules. The
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choice of the algorithm is depending on the type of defect that it is targeted to
be detected.

• Fault detection

Another method to detect a potential fault in the system is using supervised
learning (Forest Regression Algorithm) to predict the output of a photovoltaic
module, where the input is represented by environmental data, such as air tem-
perature, air humidity, air pressure and date. A relative fault is found by
comparing the real output from PV system with the expected output. A time
horizon has to be defined e.g. one week, one month. The error is calculated
using:

error =
avg(outexpected − outmeasured)

outmeasured

Then the error is compared with a threshold e.g(50%). If the error exceeds
the threshold, then it indicates a fault.[3]

Key drivers

• Autonomous drones and camera systems: intelligent image acquisition of
solar panels for further processing.

• Computer vision and machine learning methods [4]: accelerates the ef-
ficiency and accuracy of defects detection and increases the quality and
productivity of the solar panels.

• Fault detection: prediction of a fault caused by a defect using environ-
mental data.

Challenges

• Environmental Conditions for drone flight. Before beginning any drone
inspection, the onsite environmental condition needs to be checked. Ac-
curate, high-quality thermal data requires specific weather conditions, in-
cluding clear skies and clear weather or in the worst case clear cloudy
skies. For every drone, solar farm inspection sufficient irradiance needs
to be confirmed. Also, humidity should be less than 60%, and the wind
speed below 15 MPH [5].

• Improvement of time horizon in the fault detection. When the thresh-
old is 50%, it’s only possible to detect the fault correctly when the time
horizon is bigger than two weeks. A smaller time horizon leads to the
problem that non-existing faults are increasingly reported. This prob-
lem can be compensated by increasing the threshold. However, after that
more actual faults are not reported. On the other hand, increasing the
time horizon also leads that our fault could not be found in a short time.
Since it’s important to find the appropriate value for the time horizon and
the threshold, the mentioned method to detect faults has to be improved,
in order to find faults in a shorter time horizon.
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• Imbalanced data set[4] . If the accuracy is used as a performance measure,
then this may result in a false sense of high performance. The common
performance metrics in the research community are precision, recall, and
F-score in this case.

Impact

The maintenance of the PV system is an important task to improve the out-
put and the efficiency of the system. Computer vision, machine learning and
autonomous drones can bring efficiency in detecting different causes that could
decrease the output of a solar panel. Moreover, these high computational meth-
ods can have a huge impact in reducing manual work, human error and decrease
the human resource cost.

3.2.2 Energy Sharing

Cars, smart phones, holiday homes - in the “sharing economy” many things are
no longer bought, but shared. In the future, this should also apply to electricity
from renewable energies.

General background

A power-sharing, which enables a common, decentralized consumption of locally
produced renewable electricity, could allow an economical operation of all these
PV Roof systems.

• Energy community model

The energy surplus, energy deficit for each user can be evaluated, also
the energy produced within the energy community[6]. If there is not any
energy storage system, the amount of energy that can be managed in
the community is equal to the energy that is shared in real-time. If a
centralized energy storage is considered, the community can manage more
energy.

• Collective investment evaluation

In order to evaluate the feasibility of a specific investment for the en-
ergy community, a large number of variables must be considered, such
as the initial investment, the operational costs, the savings obtained self-
consuming/sharing energy and the administrative cost, etc.

• Machine learning approach

Based on machine learning methods, it is possible to better construct and
optimize solar power generation forecasting models and assess environ-
mental impacts.
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Figure 3.3: Block diagram of the overall energy sharing smart community

Some papers propose the method for a smart Residential Energy Manage-
ment System (REMS) using Machine Learning [7]. Specifically, the proposed
system (REMS) effectively switches pre-prioritized possible loads without lim-
iting consumption, between the grid and renewable energized local storage with
rooftop solar at the residential premises, using Machine Learning algorithms.

Another supervised machine learning approach is to predict and sched-
ule the real-time operation mode of the next operation interval for residential
PV/Battery systems controlled by mode-based controllers [8]. Which may sig-
nificantly reduce the cost of implementing such systems.

In addition, machine learning algorithms also could model the entire energy
community as a whole, rather than each presume separately, with the goal of
optimizing the energy sharing and balance at the community level.

Facts

• The European Commission took interest in Energy Communities (EC) as
a tool that enables European citizens to take part in the so-called clean
energy transition [6].

• The energy sharing framework assumes the existence of individuals that
own their renewable power resources within the smart community. A
photovoltaic power generation system (PV) with an energy storage sys-
tem (ESS) is the most common renewable resource that individuals could
install in their territories [9].

• Administrative regulations, technical regulations and electricity laws in
these buildings are a major obstacle to the widespread adoption of on-site
PV power, as they make implementation more difficult and significantly
reduce the financial attractiveness for owners. In particular, the millions
of fully functional smaller PV systems on private houses could hardly be
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operated economically and face an uncertain future with the risk of being
switched off.

Key Drivers

• Further development of AI technology

We need higher-precision AI forecasting models to meet people’s demand
for solar power forecasting in the future. When AI technology is further
developed, the use of AI can make solar forecasts more accurate and valu-
able. It helps to improve the data rigor of grid operation. Because AI can
help operators make smarter, faster, and more data-driven assessments of
how their power generation meets power demand.

In addition, AI can also balance power supply and demand, whether it is
power surplus or vacancy, AI can prevent this from happening.

• The development of photovoltaic modules

As we all know, photovoltaic modules are a very important link in the
shared solar economy. The development of photovoltaic modules also
determines the upper limit of the photovoltaic industry. Conversion effi-
ciency is an indispensable consideration in the development of photovoltaic
modules in recent years.

The development of solar cells is also a top priority. At present, the con-
version efficiency of mainstream monocrystalline silicon solar cells exceeds
22%. If high-efficiency and low-cost solar cells can be further developed
in the future, the conversion efficiency of the entire photovoltaic module
will be further improved.

• The formation of a unified platform

The formation of a unified platform [10] marks the formation and improve-
ment of the solar energy sharing economy. It will solve the problem of in-
consistent pricing and management of many private solar companies. And
it will become a strong guarantee for the installation, cleaning, mainte-
nance, and dismantling of the solar energy industry. The unified platform
that will emerge in the future will provide investors from all over the world
with investment channels, allowing people to share the dividends of solar
energy even without a roof [11]. The safe and stable large-scale platform
can attract more investors, and further accelerate the installation plan of
rooftop solar panels. The larger the industry, the lower the cost and the
higher the profit. In the near future, the solar energy sharing economy
will go to the world.

Challenges

• The promotion of rooftop installation of solar panels requires people’s
conceptual acceptance. At present, roof installations must consider roof
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load issues and slow cost recovery issues. The cost recovery is about 50%
in five years.

• For the platform, large-scale capital investment must be required in the
early stage. In the face of today’s investment field, sustainable energy
investment is still a minority. If the capital needs of the platform can be
passed, the follow-up gains are only a matter of time.

• As everyone knows, technology is updated very quickly. It is impossible to
predict the form of solar energy utilization in the future. If the new tech-
nology can abandon solar panels, the recycling and disposal of old panels
will be a huge problem. How to manage decommissioned photovoltaic
panels will be an issue that people need to consider at all times.

Impact

It is foreseeable in the future that, driven by global investment, solar panels
installed on roofs will be popularized in a large area, and the distributed power
generation system will be further improved. People can more easily obtain clean
and environmentally friendly electricity, and the problem of global warming will
also be alleviated.

3.2.3 Organic Solar Cell Research

Over the years the interest in solar panels has been increasing and the price
of solar energy has been decreasing [12]. However, solar panel equipment and
installation have relatively high prices, which makes solar energy inconvenient
in comparison to other less environmentally friendly energy resources.

Solar cells are the smallest components of a PV system, which converts
sunlight into electricity. As such the weight, efficiency, and flexibility of the
solar cells inside the PV system affect the quality and the price of the PV
system. Currently, the most efficient solar cells in the market are the silicon solar
cells. However, silicon solar cells lack flexibility and are relatively expensive. A
solution to this problem can be organic solar cells, which are flexible, light, and
inexpensive to produce. However, a large disadvantage of organic solar cells is
their efficiency, which is lower than the state-of-the-art silicon solar cells.

General background

• General research direction

The efficiency of organic solar cells is dependent on the choice of electron donors
and electron acceptors [13]. Although, many donors and acceptors were tested,
due to the large degrees of freedom in organic molecules, there is still an ex-
tremely large number of possibilities left. Therefore, the research in the search of
efficient electron donor-acceptor pairs is being done by trial-and-error but this is
time-consuming. Moreover, due to the chemical structure of organic molecules,
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which are extremely complex, it is hard to forecast if an electron donor-acceptor
pair will have high efficiency before synthesizing and testing the said pair. With
this method, the goal is to find patterns in acceptor and donor pairs that result
in high efficiency.

• Properties of donor and acceptors

In order to evaluate the feasibility of a specific investment for the energy
community, a large number of variables must be considered, such as the initial
investment, the operational costs, the savings obtained self-consuming/sharing
energy and the administrative cost, etc.

• Machine learning approach

Instead of doing trial and error, an idea is to use Machine learning to forecast
the power conversion efficiency (PCE) of the donors and acceptors. Firstly, we
can estimate the PCE without doing time-consuming synthesizing and testing.
Secondly, if the machine learning model is accurate with correctly distributed
data machine learning can help us find patterns of electron donors and accep-
tors. Machine learning models use different types of properties. Many papers
use different properties of donors and acceptors and different machine learning
models [13]. One of these machine learning models is CasSVM[14]. This model
uses molecular descriptors of donor and acceptor to estimate the Short-circuit
current density, Open-circuit voltage, Fill factor and PCE. The Short-circuit
current density, Open-circuit voltage and Fill factor are estimated by three dif-
ferent Support Vector Machines (SVM), which takes molecular descriptors as
input. Likewise, PCE is estimated by another SVM, which takes Short-circuit
current density, Open-circuit voltage and Fill Factor as input.

Facts

Some promising models were developed in the pursuit of finding patterns, that
result in high PCE. Here we share a single model per input type, which is used
to find patterns and their results:

• Molecular Descriptors (CasSVM)
CasSVM resulted in a 0.96 Coefficient of determination between its inputs
and the PCE. However, a pessimistic side of this model is the fact that it
was trained with a relatively small data set, which has 161 data points.[14]

• Molecular Fingerprints (KRR)
KRR model resulted in a 0.78 Correlation coefficient between its inputs
and the PCE. Like CasSVM this model also has a small data set consisting
of 320 data points.[15]



3.2. TRENDS 39

• Microscopic Properties (GBRT)
GBRT resulted in a 0.80 Correlation coefficient between its inputs and
the PCE. Like the previous entries, this model also has a small data set
consisting of 300 data points.[16]

• Energy Levels (RF)
RF resulted in a 0.80 Coefficient of determination between its inputs and
the PCE. This model had a data set of 135 data points.[17]

Key Drivers

• ML analysis steps

Sample collection: Collect data from experiments or calculations and pro-
cess the data, such as data conversion or data segmentation, and divide the
data into training sets and test sets. The performance of the model will be
affected by data segmentation. A reasonable ML model should have more data,
and the quantity and quality of data will also greatly affect the performance
of the model. Data preparation and processing: data processing can effectively
improve the quality of modeling. PCA, LDA and ICA are commonly used anal-
ysis methods. Modeling: Due to the complex relationship between parameters
and performance, modeling will facilitate data analysis and improve the accu-
racy of the model. Model evaluation: Statistical analysis is usually used to
test the performance of the model, using root mean square error (RMSE) and
determination coefficient (R2).

Challenges

• Descriptor selection

Descriptor type determines the ML model prediction ability, while the choice
of descriptor based on the properties of the target, before the ML model experi-
ments first should choose the most appropriate descriptors, the selected descrip-
tors should be easy to calculate, in preparation for the screening of appropriate
equipment, common descriptors include molecular descriptors, molecular finger-
prints. Molecular descriptors have different dimensions, from one-dimensional
to three-dimensional. Descriptors of different dimensions have different mean-
ings. One-dimensional descriptors describe the types of chemical fragments,
two-dimensional descriptors describe topological chemical molecular features,
and three-dimensional descriptors describe the geometric data of molecules.
Molecular descriptors are easy to calculate quickly.

• Data infrastructure

Data can be used for material screening of ML models, but the structure of
data is often complex, and ML model prediction depends on the difference of
data structure. However, building a complete ML model requires a lot of data.
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There are hundreds of data points in a solar organic cell, and the accuracy of
the model increases as the data increases. Large computations often require
data simplification, which requires a balance between the available data and the
predictive power of the model.

Choosing the right organic semiconductor and finding efficient materials for
solar cells is difficult because it is difficult to judge a material from its chemical
structure alone, and organic solar cell materials remain challenging to achieve.

Impact

More flexible and inexpensive solar cells can result in larger use of PV systems
worldwide. Consequently, the solar energy would be used more often by public,
which helps the fight against the climate change by reducing the greenhouse gas
emission around the world. However, as mentioned before there are too many
degrees of freedom in properties of electron donors and acceptors, which makes
it time-consuming to find the patterns. Therefore, although the foundation of
organic solar cells, which are more efficient in comparison to silicon solar cells,
can have a large impact but the it is uncertain.

3.2.4 Estimating Solar Energy Potential On House Roofs

The investment of big companies such as Total and Google to develop AI-based
solutions for the solar industry shows the future potential of AI integration in
this domain. A tool called Solar Mapper, which aims to accelerate the deploy-
ment of solar panels for individuals by providing an accurate and rapid estimate
of the solar energy potential of their homes is created. ‘Solar Mapper is con-
tributing to the Group’s ambition to become a world leader in the production of
renewable energies, toward getting to net-zero emissions by 2050 together with
society’ according to Total and Google. Solar Mapper makes use of AI that
provides better results than current tools.

General background

The dream of an electrically self-sufficient home has become achievable since the
usage of solar panels in the private sector was made possible. Big metropolises
in Europe and the US began to realize the opportunities this concept can create
and started to equip rooftops of buildings with PV panels.

The figure shows that especially the largest cities in Germany, such as Mu-
nich, Frankfurt and Berlin, only exploit the PV potential to a very small extent.
However, the report also mentions that the overall development particularly in
the area of new buildings, moves upwards to higher utilization, although very
slowly.
The main issue that is currently holding back the development of this trend
is that identifying and estimating the PV potential of an individual roof takes
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between 1 hour to 2 full days. According to industry calculations, this time-
consuming process takes up to 30-40% of total project costs making it extremely
financially unprofitable [18].

Facts

Currently there are various techniques to detect roofs and identify the rooftop
area suitable for PV usage [19]:

• Constant-value method

This method just assumes a certain percentage of rooftop area as available for
PV usage. Gagnon et al.[19] derive from the literature that approximately 22-
27% of residential roofs and 60-65% of commercial roofs are suitable in this
scenario. These percentages are then simply multiplied with the total building
stock. The result of this calculation is imprecise as several influencing factors
are not taken into account, nevertheless, it allows a very quick rough estimate
for researchers.

• Manual selection

This methods evaluate a building individually in terms of capable PV area. A
wide range of tools ( aerial photography, Google earth etc.) is used for this
purpose. Manual selection is the most precise estimation method but also the
most time-consuming while not being scalable as well.

• Geographic information system (GIS)

GIS-based methods are the most reliable for a large-scale estimate of appropriate
rooftop space. These approaches are more exact than constant-value methods,
and they can manage far bigger data sets compared to manual selection.

In the following, the individual steps of the roof recognition are now briefly
described. Initially, high-resolution satellite images are taken of the desired
region. These images are then divided into equally sized squares which are
preprocessed by creating thousand of smaller tiles. A team of researchers then
annotates thousands of rooftops in hundreds of tiles. This way perfectly labeled
data sets for Supervised Learning algorithms are generated.

The primary objective is to use Computer Vision models to detect rooftops in
a given image. In addition to this, it is also important to determine the structure
of a roof (Flat-, Hip-, Shed-roof), this creates a segmentation problem. In order
to calculate the rooftop’s effective area, obstacles like pipes, chimneys and vents
must be subtracted from the whole. Thus obstacle identification is necessary.
In [18], [20] the lack of labeled data for this specific case is explained. As a
consequence, the researchers used an edge detection unsupervised approach and
contours. Obstacles were recognized from the plain area to a large extent by
placing a threshold on contour colors. Within the pictures the obstacles are
then outlined in red and the roof area in green.
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Key drivers

• Governmental funding

Multiple administrations around the globe begin to realize the potential of this
trend and start to promote the expansion with several resources. Turkey for
example introduced a law in 2019 allowing real or legal persons to produce elec-
tricity without the need of a license and sell their excess production to the grid.
This policy is likely to result in an increase in distributed energy generation. As
a result, raising awareness about Turkey’s rooftop PV potential has become a
priority [21].

Germany, the country that already ranks first in per capita photovoltaic
installations in the world and fourth in cumulative capacity, is taking it a step
further. In the early months of 2021, the state of Baden-Württemberg published
a new draft law that requires the roofs of all new buildings to be equipped with
PV systems. The legislator hopes that this will lead to a significant increase in
the utilization of building roof areas [22][23].

• Increasing use of machine learning in the field of renewable energies

Solar light, solar heat, and wind are all incredibly varied renewable energy
sources, and the subsequent variations in generation capacity can cause power
system instability. These challenges motivated the usage of machine learning
algorithms to improve the handling of energy consumption and generation. The
use of machine intelligence has become indispensable in this field. Since machine
intelligence is still far from its technological peak, the possibilities that will arise
in the future in interaction with renewables are promising [24]. Large companies
such as Google and projects like Solar Ai and Project Sunroof, are already
investing a high amount of resources in the development of PV tools.

Challenges

• Necessity of high resolution satellite imaginary

The quality and zoom capability of satellite images of housing roofs is vastly
dependent on the geographical location. In this context, geographic location
does not necessarily mean the influence of mountains or cloud cover for example,
but instead simply which continent the location is. In [25] Kumat et al. describe
the difficulties of obstacle recognition when using satellite imagery in Indian
regions. Compared to satellite images from the US, the zoom levels are lower
and the 3D mapping capability is also missing. Without the necessary sharpness
and clearness, it is quite difficult to mark out the optimal area for PV panels
even for the human eye. Kumar et al.[25] explain that as a consequence the
Adaptive Canny Edge Detection Algorithm, which was used by the group of
researchers, provided many false-positive results which made the satellite images
almost useless. The availability of high-resolution images is therefore essential.
Considering this fact, the quality of satellite images must improve in order for
this trend to be implemented in other countries besides the US as well.
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Impact

With the help of detecting tools the process of suitable area for PV estimation
is made significantly cheaper and less time consuming for households. This
removes the last major barriers that hinder the full exploitation of the roof’s
potential. The availability of freely usable software from big giants like Google
brings the whole subject even further into the light of publicity and fuels the
trend.

There is also an interesting side effect of solar panels on rooftops, particularly
in dense metropolitan areas. In [26] a group of Indian researchers analyzed the
impact on the building cooling load of such setups. The researchers concluded
that shadows created by the solar panels can reduce the cooling load of buildings
by up to 90% and thus also significantly reduce the use of air conditioning in
hot geographical areas like India.

3.3 Conclusion

Firstly, these trends have a great impact on PV system, such as more accu-
rate prediction, human cost reduction. However, they are also facing a lot of
challenges, such as unconvincing prediction, high cost, long time consuming.

Secondly, the uncertainty of these trends depends on for example new laws,
the improvement of critical technology. With the support of law, the spread
of trend would be accelerated. If the critical technology can be improved, the
trend would face less barrier.

A trend matrix is shown in Fig.7.3 to give a whole aspect of these four men-
tioned trends.

Trend 1: Automatic defect and fault detection in PV system.

Trend 2: Energy Sharing.

Trend 3: Organic Solar Cell Research.

Trend 4: Estimating Solar Energy Potential On House Roofs Virtually.

The first trend about automatic fault and defect detection for PV system
has a low uncertainty since it can be already practically applied, and drones
are commonly used . The impact is medium. Although automatic maintenance
can save human cost, the environmental condition restriction is still a difficulty.
Also the mentioned fault detection method for the maintenance costs too long
time, which needs to be improved.

The second trend about energy sharing has the lowest impact, because of
the lack of new research and the slow development of customers. The price
of electricity would drop. However, this trend spreads with a limited tempo
due to high investment, slow cost recovery and the problem with conceptional
acceptance. It has the lowest uncertainty since it can already be implemented
in daily life.

The third trend about organic solar cells has not only the greatest impact,
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Trend (2)
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Impact
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Low Uncertainty High

Figure 3.4: Driver matrix

but also the highest uncertainty. Although a big amount of research shows great
potential in lowering the price of solar panels by finding the necessary patterns
to increase the efficiency of organic solar cells, showing a promise for the future.
However, there are still challenges such as high dimensionality and expensive
computations to get qualified data. These challenges make the uncertainty of
this topic higher.

The fourth trend about estimating solar energy potential on house roofs
virtually has a low uncertainty, since for example, Germany has introduced a
law that makes PV panels compulsory on new buildings. The impact is medium.
The exploitation of the full PV roof potential could fundamentally change the
urban landscape. In addition to the generation of green energy, the associated
positive side effects, such as building cooling, are a driving argument for the
use of PV systems on roofs. However, there are still some barriers that need to
be overcome, such as the complex processes involved in pattern recognition and
the availability of high-resolution satellite imagery.
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Abstract

The rate of urbanization is surging, and the population centers are becoming
denser. This comes with multiple challenges, ranging from urban planning to air
pollution. Throughout this chapter, some crucial areas of cities will be analyzed
to find possibilities to tackle problems relating to climate change in big cities
with machine learning (ML). A sustainable urban model is necessary to regulate
and control the consumption of resources to keep the environment intact. This
can be achieved by changing transportation for the masses, by creating better
public transport and limiting time in a car. A waste management system, which
can monitor, collect and recycle all of the trash created, is an essential service
of a smart city. The energy consumption of megacities needs to be reduced and
produced from sustainable sources. All this needs to happen while creating a
healthy environment for the population. ML can offer many promising solutions
to the arising problems.
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4.1 Introduction

The world’s population is predicted to increase to 10.9 billion by 2100. This
increase is especially taking place in urban areas, which are continuing to grow
[1]. With the rise in city population, many challenges arise. Challenges that
lie in increased transportation frequency, large amounts of waste generation,
decreased air quality and an increased energy usage. Not to mention the overall
complex urban planning that comes with the high population density.

To efficiently handle the meteoric growth in urbanization and its effects,
many countries have proposed the concept of smart cities to effectively manage
the resources and optimize energy consumption.

Machine Learning techniques are known for their ability to handle large sets
of messy, error-prone data. They use algorithms that exploit the availability
of unlabeled and labeled data to provide efficient resource management and
personalized services in smart cities.

This report will focus on potential future trends, where machine learning
and data science techniques are applied to smart city applications. Each trend
includes relevant facts, corresponding key drivers, the resulting challenges that
come along with them and are ultimately assessed in terms of their impact on
the environment. At the end, the identified trends will be rated in a driver
matrix by their impact and uncertainty, creating a comprehensive overview of
the various applications.

4.2 Trends

4.2.1 Smart Urban Planning

Nowadays, to combat the adverse effects of global warming, the large and small
districts are proposing a new city model, called “the smart city”, representing
a community of average technology size, interconnected and sustainable, com-
fortable, attractive, and secure. The cities consume 75% of worldwide energy
production and generate 80% of CO2 emissions. [2] Thus, a sustainable urban
model is necessary to regulate and control the consumption of resources to keep
the environment in check. The notion of a smart city is established by combining
the knowledge society and the digital city. It is defined as a “multi-layer terri-
torial system of innovation” made up of digital networks, individual intellectual
capital, and the social capital of the city, which together constitute collective
intelligence. [3]

Facts

• More than 50% of the global population is now urbanized (United Nations
Report 2012) . The complexity of the social ecosystem in cities and urban
areas has increased, making sustainability an important factor [3].
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Figure 4.1: Component elements of smart buildings management system

• A lot of social-technical activities have been involved in digital transfor-
mation processes, and one purpose of that is to propose solutions for the
sustainable smart city and the collaborative working between different
parts in the whole city. Currently, smart building management systems
require a variety of sensors, actuators and correspondingly the networks
[4]. Figure 4.1 shows the component elements which define smart build-
ings management system. The goal is to monitor the situation of specific
areas and improve a comfortable environment by using appropriate rules
while saving energy.

• Uniform metadata for modeling smart buildings has been described by
a lot of research recently. At this moment, speaking of smart buildings,
an important concept: the Internet of Things (IoT) has to be mentioned,
which is based on artificial intelligence (AI) and machine learning (ML)
[5]. Several algorithms can be used in the smart building field, includ-
ing conventional and statistical learning methods, probabilistic graphical
modeling, neural network-based methods, and data mining algorithms.

Key Drivers

• For urban monitoring, modeling, and infrastructural analysis of cities,
remote sensing is an essential tool.

• Detecting deterioration and irregularities with more available aerial and
geo-tagged data of a city enable to provide the maintenance and sustain-
ability of the city.

• Deep adversarial and representation learning techniques and research fa-
cilitate more autonomous urban planning by considering many aspects
and features of a city. [6]
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• Today, airports have become multifunctional conglomerates that generate
substantial commercial development and a significant revenue stream on
a micro and macro level. This gives way to a much broader concept where
cities are emerging around airports, i.e., city airports are transforming
into airport cities.

• AI has become the critical technological element in intelligent buildings;
any modern construction designed to be intelligent must necessarily inte-
grate connected objects. It is, therefore, essential to make the integration
of the ML as dynamic as possible to allow the most enjoyable experi-
ence possible for its occupants [4]. In the meantime, the damage to the
environment should be reduced as much as possible. Furthermore, it is
impossible to make these buildings intelligent and dynamic without ana-
lyzing the data generated by this mass of connected objects.

• A large amount of data is created every second in the intelligent building
context, so some solutions are proposed to process extensive scale data,
such as Spark and Hadoop [7]. Both are large data frames, but they are not
the same; we use them in different situations. If the operation and report-
ing requirements are static, we can choose MapReduce’s operating mode.
But if the data are not static, they need to be analyzed in streaming,
like processing sensor data in a smart building, or if applications require
a continuous operation, we need to use Spark. Lots of machine learning
algorithms, which require several operations, are required for this case.
So there are different clustering algorithms such as hierarchical grouping,
K-means, self-organizing cards, and expectation maximizing grouping al-
gorithm.

Challenges

• Generally, the sensor and hardware constraints might not let a very high
spatial and spectral resolution of satellite images, limiting the accuracy in
predictions and models.

• The rapid changes in cities and informality in certain regions make it
difficult to understand and plan cities.

• The obtained datasets are primarily not very structured and labeled to
gain an understanding of models.

• With the interaction between cyber and physical entities, the security
vulnerabilities will increase as well, so that the feasibility of smart build-
ings will also decline. Therefore one challenge for intelligent management
systems is to allow the generation of relevant characteristics, topologi-
cal visualization for the security of a building, and verification of access
control policies to meet security obligations [8].
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Impact

Although urbanization is a long and tedious process until we can adequately
achieve the goals of self-sustenance, we can see in practice the sound effects
through some examples how the correct implementation of certain aspects can
already lead to the betterment of the quality of life while reducing the impact
on climate.

The impact of smart urban planning by retrofitting existing infrastructure
to make it more eco-friendly and convenient can be most notably seen with
Singapore, which is at the forefront of smart development with its Smart Nation
vision. Examples of some of the initiatives within the framework of this project
include:

• An open, cloud-based smart mobility platform offering data-driven shuttle
bus service for commuters,

• A mobile application that lets users pay for short-term parking charges
through their mobile devices at all existing coupon-based public car parks,

• An app developed by the Singapore Civil Defence Force(SCDF) in collab-
oration with the government acts to crowdsource for lifesavers. Whenever
the SCDF is notified of an emergency, it sends a message to community
first responders registered on the app.

• It makes the global vision of smart buildings possible that we have the
ability to analyze huge amount of data based on many ML algorithms so
that that building management can be simplified, energy consumption can
be reduced, property and people can be kept safe, and an optimized living
environment can be provided.

Another example of smart city planning can be seen in Norway, with its
vision of the Oslo Airport City. Oslo Airport City (OAC) is an urban property
development project which aims to build approximately 1 million square meters
of a self-sustainable city planned from the ground up. It is designed to be pow-
ered only with renewable energy, with the excess being sold back into the grid.
Sensor-based systems will operate automatic street and building lighting along
with waste management and security. Only electric vehicles will be permitted,
with planners eventually phasing everything towards self-driving vehicles.

4.2.2 Transportation

With more people expected to migrate to cities in the following decades, we
believe consumers will begin to adopt a more digital way of life and a more con-
nected and efficient car utilization. During the forecast period, advancements in
IoT (internet of things) and other technical breakthroughs are projected to boost
smart cities’ transportation. Soon, rapid advances in information and communi-
cations, such as cloud, mobility, data communication, and sensors, are expected
to drive the transportation for smart cities market. One prominent example is
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Car-to-X-Communication, which is closely interwoven with autonomous driv-
ing. Networked cars can connect and communicate in real-time with each other
(car-to-car) and objects in their environment (for example, with mobile devices
or networks: car-to-mobile). An efficient car utilization is recognizable in car-
sharing. With more shared cars, people might refrain from buying a car, which
can eventually decrease the number of vehicles in a city and reduce vehicle
pollution. Vehicle pollution contributes to global warming as greenhouse gases
heat the planet and deplete the ozone layer. This is causing the average global
temperatures to rise and finally leads to rising sea levels. Hybrid cars, electric
cars, and alternative fuels will continue to help, but the sheer number of people
and vehicles on the roads offsets these improvements. The rise in the number of
vehicles on the roads will result in traffic jams and different kinds of pollution.
Another factor of traffic congestion is the search for parking spaces. Nowadays,
the search for parking spots in big cities like Munich is very time-consuming.
One approach is an efficient routing system, but unfortunately, you need to
know where free parking spaces are in advance. Therefore, finding that free
parking spot is more efficient, using smart cameras and machine learning.

Facts

• Every car has an optimal speed range that results in minimum fuel con-
sumption. When autos run at low speed, such as in a traffic jam and park,
the fuel consumption is almost twice as the optimal speed.

• Under idling conditions, due to incomplete combustion in the cylinder,
there are a lot of harmful and toxic components, i.e., hydrocarbons, carbon
monoxide, and nitrogen oxides, which means traffic jams can pollute the
air.

• According to [9], 30 – 45% of traffic in urban areas is comprised of vehicles
searching for parking lots.

• Taxis and shared cars are not used rationally, and there is a lot of waste
of resources. For example, two people ride two cars separately, and the
routes of the two cars overlap to a certain extent. This situation wastes
fuel and increases vehicle exhaust emissions.

Key Drivers

• Further improvement of technologies like sensors, cloud, computational
power is the cornerstone for the transport sector in smart cities.

• Route recommendation system: use Knowledge Graph Representation
method to forecast the traffic speed or traffic flow in the future to plan a
route that with less congestion [10].

• Ride-sharing system: Users send a request (including the earliest start
time, the origin, destination, etc.) through smartphones to a cloud. The
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cloud can arrange for the users to travel together based on route and time
[11].

• Smart parking system: detect occupied and free parking spaces using
cameras, computer vision, and machine learning.

• Autonomous driving: Deep reinforcement learning trains an agent to learn
how to act under different scenarios. Autonomous driving can reduce the
amount of braking which indirectly improves fuel economy [12].

Challenges

• For the route recommendation systems, more external factors should be
considered in the knowledge graph [13]. For example, festivals may make
some roads congested, which should be considered as an influenced factor.

• For Ride-sharing systems, more preferences should be concerned, e.g., the
maximum number of shared persons, the pick-up/drop-off point selection,
and the point of interest selection [11].

• Parking space detection is either very hardware expensive, lacks detail, or
does not scale well for industrial applications.

• Use of smart cameras in parking garages and robustness against extreme
weather conditions.

• Most methods are trained based on data sets, but real-time data should
be collected to feed the model in real applications. This requires fast
computation speed of the algorithm and hardware.

Impact

By linking to a potential mobile app or device, users get instant access to com-
munication channels and data that can help them avoid traffic jams, report an
accident, find an available rental or micromobile vehicle, or even find a parking
spot. Smart cities and the Internet of Things will eventually work in tandem
with vehicle technologies to make these areas safer, more sustainable, stream-
lined, and efficient. The route recommendation system can reduce congestion,
consequently decreasing the emissions of greenhouse gases. The smart parking
system can help the driver find free parking space conveniently within a shorter
time, which will result in less traffic congestion. A Ride-sharing system improves
energy efficiency by taking more passengers on a single journey.

4.2.3 Waste Management

With rising populations in cities, the amount of waste generated increases. This
poses multiple challenges. First, the sheer amount of waste needs to be collected
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and sorted. The non-recyclable waste will be required to be disposed of envi-
ronmentally friendly, while the recyclable trash needs to be sorted further and
reused. Secondly, recycling’s importance is constantly growing. This has two
main reasons: there are not enough facilities and areas to dispose of all the trash
and waste contains valuable materials that should not get wasted. Here, ML
can assist in identifying areas of large pollution, sorting large amounts of trash
for recycling, and optimizing the collection routes of the garbage trucks.

But other resources are too valuable to be wasteful with; water is increasingly
becoming a scarce resource. Water management, especially excess water usage,
should be controlled further. With the help of AI, it will be possible to quickly
identify and stop water losses through leaks and broken pipes.

Facts

• In 2016, it is estimated that 2.01 billion tonnes of municipal solid waste
were generated. If nothing changes, this number is expected to grow to
3.40 billion tonnes by 2050 [14].

• Overall, 37% of trash ends up in some landfill, while 33% is openly dumped
and only 13.5% of trash is recycled [14].

• Waste generation is directly correlated with urbanization. High-income
countries and economies are more urbanized, and they generate more
waste per capita and in total [14].

• Landfill gas is a natural byproduct of the decomposition of organic ma-
terial in landfills. It is composed of roughly 50% methane, 50% carbon
dioxide (CO2), and a small amount of non-methane organic compounds.
Methane is a potent greenhouse gas 28 to 36 times more effective than
CO2 at trapping heat in the atmosphere over a 100-year period [14].

Key Drivers

• Greyparrot is a British company that designs automated waste compo-
sition analysis systems. Their system combines visible image data with
live image processing and analysis, using AI deep learning techniques to
recognize and distinguish waste types. An example of their algorithm at
work can be seen in figure ??. This approach is faster, more effective,
and more accurate than manual spot sampling. With the more accurate
database, municipalities can then optimize their recycling facilities [15].

• Today, less than 5% of rare earth are recycled from end-of-life devices [16].
This is partly due to today’s incredibly complex products and the difficulty
to extract the specific metals [17]. These materials are scattered across
millions of devices, objects, and buildings, making it extremely difficult to
amass enough material to recycle them.
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• A lot of other raw materials are starting to become rarer. Sand, the most-
consumed natural resource after water, is becoming harder to find [18].

• The rivers in cities are a confluence of trash. Being able to monitor,
analyze and remove the trash from the river allows recycling material and
keeping the environment clean. The Ocean Cleanup uses ML to monitor
plastic pollution in rivers [19]. This can help in reducing openly dumped
trash and increase the recycling rate.

Challenges

• In order to be able to manage all the produced waste, every source needs
to be known, monitored, and able to extract the waste. Due to the many
possible sources of waste, ranging from sewage, leaks, and openly dumped
trash to stored electronics in drawers, it can be difficult to figure out where
the materials are coming from and their composition.

• Just minimizing and collecting all the waste is already a big step towards
good waste management. Yet, something needs to be done with all the
material. It either needs to be appropriately discarded or recycled.

• It is essential that the second life of recycled material is put to good use.
There is no point in going through the entire sorting and recycling process,
just for it to be made into a new useless item, which will end up in the
trash again. This would create an unnecessary and endless process of
recycling.

• Another critical but challenging area is construction materials. The sheer
amount of concrete and steel needed is extremely unsustainable in pro-
duction, and they are rarely reused. ML could minimize the amount of
concrete in certain areas or material science with materials such as gradi-
ent concrete.

• Overfilled waste bins eventually lead to incorrect waste disposal or waste
ending up in the environment. Knowing where waste collection is needed
and which route the garbage collectors should drive, not only to get there
as soon as possible but also to reduce emission by avoiding unnecessary
driving routes, is challenging. Therefore, a precise forecast of waste gen-
eration and a smart waste collection system is necessary to avoid over-
filled waste bins and provide an efficient waste-collecting procedure. ML
techniques are proven to be efficient in forecasting and solving traveling
salesman problems to maximize the utilization of resources and minimize
the cost of each waste collection route.

Impact

The overall objective of a climate-friendly circular economy could have an enor-
mous impact on the environment. In the future, the significance of waste man-
agement will increase, not only through financial incentives but through pure
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necessity. The development of a process to reuse rare materials is of paramount
importance. But also the construction and household waste need to be reduced.
The high consumption lifestyle from people in urban regions is not sustainable,
if their waste products cannot be managed and reused. Especially optimizing
recycling procedures of all sorts of materials is highly valuable in fighting for a
better climate.

4.2.4 Energy Efficiency

A large part of a city’s CO2 emissions is caused by its energy supply. For this
reason, it is natural to try to use energy resources as efficiently as possible.
New machine learning can make a considerable contribution here and open up
new application possibilities. In general, a distinction is made between the
city’s energy supply and the individual consumers in the household. IoT-based
approaches can help to improve the storage and management of energy reserves
by estimating future energy demand and thus compensating for energy peaks
that have so far been covered by conventional power plants [20] [21].

Much of the electrical energy that a municipality has to put up is due to
urban lighting. ML approaches can help improve the efficiency of street lighting
[22]. And beyond that, promising approaches are being explored on how to
implement a common heating system to heat entire neighborhoods together
via, for example, hot water, thus significantly improving efficiency [23].

Another area of application is offered by IoT-based approaches for consumers
individually to improve energy efficiency. Already today, flats or houses are
equipped with smart-home capable devices that, for example, automatically
switch lights on and off or automatically close windows to save energy [24].
Collecting and analyzing energy data from individual homes will provide bet-
ter insights into energy consumption and increase efficiency. ML approaches
are ideally suited here as they are particularly good at dealing with this large
amount of data and will continue to be one of the biggest drivers for improve-
ment in the field, in which a wide range of international companies are already
active [25].

Facts

• Heating, cooling, and domestic water make up more than 50% of building
energy consumption [26]. Consequently, reducing those aspects is crucial
to building energy saving.

• Over the years, better building standards and, therefore, better insula-
tion led to smaller energy consumption in buildings. Out of the relevant
sectors, warm water demand showed the slightest improvement and even
grew the most in proportion; hence it’s worth considering.

• IoT-based approaches can help to estimate energy demand and increase
efficiency.
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• Already today, a large number of international companies are active in
each area, which underlines the outstanding importance and the great
potential.

Key Drivers

• The application of ML methods in buildings has focused on heating and
cooling demand. Hence, different models have been implemented success-
fully. [26] [27].

• The energy demand of smart lighting can be highly reduced with today’s
LED technology.

• Domestic hot water demand is less explored so far. The reliable prediction
would enable the use of more efficient water heating systems. Simple ML
models showed some success [28].

• With the help of ML, home appliances that make use of IoT can be used
for energy monitoring, forecasting the energy consumption of buildings,
and enable automated decisions [29].

Challenges

• Human behavior is highly stochastic and therefore hard to predict. In case
of hot water demand, some regularities could be observed and exploited
by the models, and savings were possible. However, new models and more
diverse data are needed for more reliable results.

• Expanding and improving existing urban infrastructures is expensive or
partly not possible.

• The possibility of a direct, as well as, indirect rebound effect is very
present. ML approaches and IoT devices consume energy themselves. If
the energy saved is less than the electricity consumed for the calculations,
we speak of a direct rebound effect. Likewise, one should not underes-
timate the possibility of an indirect rebound. Improving efficiency will
drive down the price. Individuals tend to spend the money saved on other
things like travel, which would negate the energy savings.

Impact

The impacts are clear and obvious, as they are precisely aimed at reducing en-
ergy consumption and thus saving greenhouse gases. Apart from energy cost
savings, a reliable prediction would also mean lower maintenance costs and more
equipment life. Also, the energy supply of a city is an order of magnitude that
can have a direct, measurable impact. This is why the potential is so outstand-
ingly large and is hotly debated in both research and business. Nevertheless,
the complexity of the problem is enormous. Converting or expanding already
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old urban structures is expensive or, in some cases, not even possible. The past
has shown, that efficiency improvements often end up in rebound effects and
have the opposite effect.

4.2.5 Air Quality

The air quality of a city may be considered a critical element in establishing
a pollution index and how effectively the city’s industry and population are
governed. Air pollution has been a severe issue for the public and governments.
Moreover, air pollution has a significant impact on the ecosystem and human
health, resulting in acid rain, global warming, heart disease, and skin cancer.

Air pollution is a mixture of particles and gases that may accumulate to
harmful levels outdoors and indoors. It can have a variety of consequences,
including increased illness risks and increasing temperatures. Pollutants such
as soot, smoke, mold, pollen, methane, and carbon dioxide are a few examples.

The Air Quality Index (AQI), which evaluates air quality across the country
based on concentrations of five primary pollutants: ground-level ozone, particle
pollution (or particulate matter), carbon monoxide, sulfur dioxide, and nitrogen
dioxide. This index is one measure of outdoor air pollution.

Facts

• According to research from the World Health Organization (WHO), more
than nine out of 10 of the world’s population (92%) live in places where
air pollution exceeds safe limits [30].

• Every year, household air pollution causes around 3.8 million premature
deaths, the great majority of which occur in developing countries, with
women and children accounting for approximately 60% of those deaths
[31][32].

• Air pollution is to account for 26% of deaths from ischemic heart dis-
ease, 24% of deaths from strokes, 43% of deaths from chronic obstructive
pulmonary disease, and 29% of lung cancer deaths [33][32].

Key Drivers

• Glasgow has been adopting the Sensing the City pilot project to moni-
tor air quality and reduce emissions more efficiently and cost-effectively.
Sensing the City uses the Libelium IoT Sensor node to minimize pollution
through mobile monitoring. This low-cost method supports Glasgow’s
high-cost static sensing stations [34].

• BreezoMeter combines big data and machine learning technology to pro-
vide relevant, real-time, location-based air quality and pollen data. Incor-
porating numerous data sources, such as government monitoring stations,
real-time traffic information, meteorological conditions, and CAMS data,
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BreezoMeter shows with high accuracy what is in the air we breathe and
can give personalized health recommendations. The procedure of Bree-
zoMeter is starting with collecting data from various sources to validating
the data to produce geographical data points. Moreover, machine learning
techniques are applied to model the data and lastly providing the results
for users [35][36].

• Real-time and location-based measurements of indoor or outdoor air qual-
ity will help citizens make better and more informed decisions about where
they spend their time.

• Connected devices will be more prepared to assist in the cleaning of the
air in people’s immediate environments, and therefore, reducing people’s
exposure to harmful air pollutants.

• Adding sensors to existing infrastructure, for example connected sensors,
is another opportunity to expand data collection. Even though they are
still less accurate and less regulated than official air monitoring stations
deployed by governments, connected sensors are smaller and less expen-
sive. The data gathered from these more widely installed sensors will aid
in the collecting of massive amounts of data. Furthermore, rather than
serving as a replacement for big data and ML models, their data should
be used as an additional data source [36].

Challenges

• Performance variations due to various data sources and real-time informa-
tion are a big challenge. For example, information on more than 5 billion
people living in 67 countries is provided via the BreezoMeter API in real-
time, accurately within 300 meters. BreezoMeter enhances air monitoring
data with information from a wide range of independent sources, includ-
ing local weather and traffic conditions, air pollution dispersion models,
and satellites. As each calculation generates 1.5 terabytes of data, Bree-
zoMeter must overcome massive performance difficulties in order to avoid
falling behind[37].

• The affordability and sufficiency of monitoring stations should be consid-
ered. At the moment, Barcelona has 11 air quality monitoring stations.
For a city of over a hundred square kilometers, these 11 quality monitoring
stations are not a lot. That equals to one sensor every ten square kilome-
ters in Barcelona. These monitoring stations have several disadvantages:
they take up a lot of space, they are expensive (both in terms of installa-
tion and maintenance), and they only give data from a single location in
space (cannot capture the hyper-local variations) [38][39].
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Figure 4.2: Driver matrix

Impact

Investigating air quality allows for a better understanding of the root causes of
pollution and helps cities identify areas of opportunity to improve air quality.
Therefore, tackling public health issues and determining solutions for a better
climate. Having Air Quality Monitoring systems is a good first step, but the
value lies in the use cases: How can this data be employed to make a genuine
difference in air quality?

4.3 Conclusion

The increase in population, especially in dense urban environments, will cause
many challenges in the future. The cities will have to grow and handle the big-
ger population, all while become more environmentally friendly. The discussed
ML applications can help alleviate some of the challenges and create long last-
ing solutions. By using ML in the planning stages of infrastructure projects,
suitable expansions can be build that will shape the cities for the future. In
combination with transportation optimization, correct waste management and
improved energy efficiencies across sectors, there is a increased possibility to
better the environmental impact of cities. Not only will the air quality improve
and therefore save people lives, but overall, the pressure on the environment
will be decreased. The overall goal, of combating climate change in the most
densely populated areas, can hopefully be achieved with the integration of ML
in this aspect of the evolving human environment.
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Abstract

In recent years, people have attached great awareness to climate change due to
its growing negative effects on our day-to-day lives. Reducing greenhouse gas
emissions is, therefore, one of the most popular research topics of today. One
of the main reasons for the greenhouse effect is transportation. With the de-
velopment of machine learning technology, the existing transportation will also
usher in great changes, which helps to solve environmental problems, such as
slowing down global warming. In the future, people will use faster, environmen-
tally more friendly, and interconnected public transportation. The experts will
continue to develop more efficient route planning algorithms to achieve resource
savings. And the governments also pay more attention to traffic management
and use big data to evaluate the congestion. Finally, a complete intelligent
transportation system will be established in conjunction with the entire city
planning. Based on the above development trends, we will achieve more reason-
able resource utilization in the transportation field, gradually reduce greenhouse
gas emissions, save non-renewable energy, and improve our travel quality. So

65



66 CHAPTER 5. TRANSPORT SECTOR

far, people have achieved great results. Of course, there are still some technical
and management challenges for which we need to further seek for solutions.

5.1 Introduction

Greenhouse gas(GHG) emissions trap heat and warm the planet. Over the past
150 years, human activity has been responsible for almost all of the increase in
GHG in the atmosphere. The main source of GHG emissions from human activ-
ity is the burning of fossil fuels for transport. With the increased globalization
of the economy, there has been a significant increase in the global transporta-
tion of all kinds of goods. It increases the pressure to reduce GHG emissions
in the transportation sector. Machine Learning can be a game-changer. In the
last decade, the employment of machine learning in various fields has shown its
strong ability to derive useful information from large amounts of data. Machine
learning has huge potential to reduce GHG in the transportation sector. On
the one hand, machine learning can indirectly help to reduce GHG emissions by
analyzing large amounts of data to find the main causes of GHG emissions in
the transportation sector. On the other hand, it can directly reduce emissions
by optimizing existing transport systems. An excellent prediction model can
also enable travelers to rationalize their travel patterns, departure and arrival
times, and routes, saving unnecessary time wastage and improving the efficiency
of work life. It also allows government services to understand and predict road
conditions and make early predictions on possible road congestion and traffic
accidents, saving society’s burden and allocating social resources rationally. In
the second chapter, we will introduce several applications of machine learning
in the field of transportation, and their challenges and impacts. Four trends will
be in detail discussed: Future public transportation systems, Route Planning,
Intelligent Transportation Systems, and Traffic Management. In the last chap-
ter, we will compare these four trends in terms of both uncertainty and impact,
and present the results in the driver matrix.

5.2 Trends

5.2.1 Public Transportation System

Our vision for the future development trend of public transportation is: the
urban public transportation system has a unified search operation and payment
platform, to share and save energy, and the entire system is highly intelligent
and electricity-based. From small to short-distance shared bicycles and skate-
boards to large-to-long-distance shared cars, we only need to enter the origin
and destination in the system. The system will give you the simplest and fastest
travel plan at the planning office, and then assist with the future digital cur-
rency as the basis, which completes the payment quickly. The core point is that
shared cars are different from traditional buses and shared ride-hailing methods.
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All future shared cars will be unmanned electric vehicles, and routes can be dy-
namically planned according to needs. To meet the convenience and comfort
of people’s travel, we use the knowledge of machine learning to design different
shared car capacities and numbers for different cities. At the same time, data
science is used to dynamically plan travel modes and routes, so that people can
reach their destinations faster, shorten the overall driving route, save energy
and reduce emissions.

Facts

• By recurrent neural network, the public traffic system can “diagnose”
the traffic density in a certain time, or a certain area with accidents or
congestion. Then it can adjust the timetable, station location, or traffic
control signals. The ”Minimum Number of Vehicle Strategy” program
from MIT can reduce the number of Manhattan taxis in the United States
by 30 percentage[1].

• Future transportation will be able to provide more dynamic carpool travel.
Car2go from Daimler, DriveNow, and ReachNow from BMW, Marven
from GM are all competing in the shared transportation market. Studies
have shown that using shared transportation instead of traditional per-
sonal travel will reduce the number of vehicles by about 57 percentage
and the total travel distance by 34 percentage [2].

• Personal services are more perfect and integrated. ”Metropolitan” APP
has been launched and used in Shanghai, which can be used to scan code
for rides, recharge IC cards, and check the status of bus and subway infor-
mation. And at the end of the journey, unified payment can be realized.

• Different public transportation is suitable for various areas. It will be more
economical to adopt a mixed approach. People have realized this point
and are committed to strengthening the ties between all kinds of public
transportation. The time and cost of choosing a hybrid travel mode can
be reduced to 70 percent[3].

Key Drivers

• Autonomous driving is something that has a decisive influence on this sys-
tem, but it also has a high degree of uncertainty. Research on autonomous
driving is also very hotly launched. But so far, there is less fully integrated
autonomous driving system, and most of them have only developed into
assisted driving. It will take at least a few years for autonomous driving
technology to mature.

• Data storage and processing are also important in the future public trans-
portation system. No matter it is route planning or user information,
as long as it is integrated into a system, the database is quite large and
needs to be updated at all times. There is unclear about whether the
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company can obtain and process this data, and what role the government
department should play.

Challenges

• The first is the technical challenge. Fully autonomous driving technology
is not yet mature, and cannot be applied to the future public transporta-
tion system. In the face of such a huge system, research in the field of
machine learning can quickly make plans and provide users with a conve-
nient and fast integrated travel mode. Now people always spend too much
time waiting for the car, and the comfort is very poor. Without machine
learning such problems will certainly hard to be solved.

• Then there is the challenge of security. The security of huge data is a
serious problem. From the route search to the final payment, a series of
processes produce large amounts of data. Most of the public transporta-
tion is led and operated by the city government. If the public transporta-
tion system needs such a high degree of intelligence in the future, will the
government be able to operate? If not, is it safe enough for the company
to process this data?

• Finally, there is a conceptual challenge. We are trying to use the future
urban public transportation to make people abandon their private cars,
which can be freed from the time and energy spent on travel, thereby re-
ducing emissions and protecting the environment. But whether people can
accept such travel and payment methods is a challenge for many countries.

Impact

With the unified scheduling of public transportation and the more complete
transportation networks, the public demand for private cars will be greatly re-
duced. Correspondingly, the demand of land for garages and parking lots in
cities has also decreased. Cities will have more disposable land. The increase
in public transportation can also effectively avoid traffic congestion and reduce
daily travel time, which improves people’s travel experience and mood. With the
use of electricity and renewable resources as transportation energy, emissions of
carbon dioxide and nitrogen oxide gases are gradually decreasing, which slows
down the process of climate warming. Moreover, due to the introduction of tech-
nologies such as autonomous driving of public transportation, the road safety
index can be guaranteed. And there will be fewer accidents on the road caused
by human factors such as fatigue driving and drunk driving.

5.2.2 Route Planning

Route planning is used to decide the route to take from the source to the desti-
nation. In this report, we will only discuss the Route Planning problem in the
transportation sector. Unlike the Path Planning or Motion Planning problem



5.2. TRENDS 69

in the Robot field, the map or graph is not available for the robot.), the Route
Planning problem in the transportation field is a pure Combinatorial Optimiza-
tion Problem(COP). Many COP algorithms can be direct applied to solve the
Route Planning problem. Hence, in this report, we will focus on the current
research in COP.

According to the research history of the vehicle navigation system, vehicle
path planning algorithms can be divided into static path planning algorithms
and dynamic path algorithm. Static path planning is based on physical geo-
graphic information and traffic rules as constraints to seek the shortest path.
Static path planning algorithms have become increasingly mature, relatively
simple, but their application is not very meaningful for the actual traffic condi-
tions. Dynamic path planning is based on static path planning, combined with
real-time traffic information on the pre-planned optimal route to the destination
for timely adjustment to get the optimal path. Different vehicle path planning
problems can be derived by imposing different constraints and changing the
optimization objective.

One of the classical approaches to solving combinatorial optimization is to
model it as a mixed-accuracy programming problem and then solve it using the
branch-and-bound method. This process recursively slices the solution space
into search trees, during which boundary values are computed, and subtrees
that do not contain optimal values are trimmed. The tricky part here is that
the heuristic strategy in the extended search tree is very delicate. On the one
hand, it is time-consuming to get a good heuristic, and on the other hand,
the best heuristic is different for different problems or different stages of the
same problem. Several methods were proposed to optimize this search pro-
cess. For example, the 2013 paper ”Dash: Dynamic approach for switching
heuristics”[4] proposed the Dynamic Approach for Switching Heuristics (DASH)
method, which dynamically switches subproblems during the search process and
selects the most appropriate heuristic algorithm. This idea also provides an ex-
cellent opportunity to introduce different machine learning methods, which have
the advantages of machine learning methods and the advantages of optimality
guarantees of traditional methods, so there has been much-related work in the
industry in recent years. [5][6][7][8]

Facts

With the rise of artificial intelligence in recent years, Deep Neural Network
(DNN) has become the dominant approach to machine learning. In addition to
the common areas of vision, speech, natural language processing, and recom-
mendation, it has also been applied to the field of COP and has delivered some
good results.

• One of the typical tasks of COP is to optimize resource utilization. For
example, in the Traffic Engineering field, we aim to find an efficient method
to plan and distribute flows in a traffic network. In [2] they present a
novel order dispatch algorithm to provide a more efficient way to optimize
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resource utilization. This algorithm has been successfully deployed in the
production system of Didi Chuxing, a vehicle for hire company.

• In the work from Google [chipplacement] they present a learning-based
approach to optimize the chip layout.

• Recent works have shown that attention-based RL models outperform
recurrent neural network-based methods on these problems in terms of
both effectiveness and efficiency.[9]

Key Drivers

• Many combinatorial optimization problems, such as the Travelling Sales-
man Problem(TSP) or the Vehicle Routing Problem(VRP), are based on
a graph structure [1], which can be easily modeled by the existing graph
embedding or network embedding technique. In such a technique, the
graph information is embedded in a continuous node representation. The
latest development of graph neural networks (GNN) can be used in mod-
eling a graph combinatorial problem due to its strong capabilities in in-
formation embedding and belief propagation of graph topology [10]. Use
GNN models to build an end-to-end Deep Reinforcement Learning (DRL)
framework to solve combinatorial optimization problems, in particular,
TSP and VRP.[8]

• The disadvantages of deep reinforcement learning are its lack of problem
generality and its inability to provide optimal solutions. In contrast, al-
though general and guaranteed to be optimal, constraint programming
does not make it easy to make branching decisions when searching the
solution space. It is therefore essential to combine the two and thus over-
come the limitations of both. A combinatorial optimization problem is
first modeled using dynamic programming and then encoded into deep re-
inforcement learning and constraint programming to link these two types
of methods.[5]

Challenges

• Deep learning models are suitable for big data and require much training
to tune a usable algorithm, and even more training data is needed for
complex scenarios. Furthermore, the cost of data collection and scenario
simulation will become increasingly expensive.

• Deep learning algorithms are end-to-end (input data, output results) deci-
sion systems where the computational process cannot be interpreted, i.e.
there is no transparency.

• The modeling of Expert Systems (based on independent knowledge bases,
e.g. maps, traffic rules) takes too long. It is too expensive, the knowledge
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bases may have errors, and multiple rules may be contradictory, thus cre-
ating fragile systems. Therefore, this approach cannot be used alone to
build decision algorithms for autonomous driving.

Impact

According to the statistics from the U.S. Environmental Protection Agency, 29
percent of 2019 greenhouse gas emissions are from the transportation sector,
which is 6 percent more than that from the industry sector. The transportation
sector generates the largest share of greenhouse gas emissions in America. Light-
Duty Vehicles contribute the most(58 percent) to greenhouse gas emissions. The
most direct way to reduce greenhouse gas emissions in the transportation sector
is by optimizing the route. In particular, optimizing the route of light vehicles
has a significant potential to reduce greenhouse gas emissions. Because almost
all drivers of light vehicles use navigation software when planning their routes.
And nowadays, all navigation software offers only the shortest or fastest route
options, which means that the weights of the edges are either distance or time.
If they can provide the greenest route option, this is likely to reduce greenhouse
gas emissions significantly.

Intelligent Transportation Systems (ITS) represent a futuristic solution to
reducing greenhouse gas (GHG) emissions caused by the transportation sec-
tor, which account for 29% of total GHG emissions worldwide. Addressing
these systems has several advantages such as developing smart cities, reduc-
ing energy consumption, reducing congestion, and maximizing road safety. In
intelligent transport systems, the cooperation between humans, infrastructure
(traffic lights, cameras, etc.), and vehicles are established with the help of sev-
eral communication models, which can be represented as a single model called
Vehicle-to-everything (V2X). More precisely, V2X generalizes vehicle to infras-
tructure (V2I), vehicle to vehicle (V2V), vehicle to network (V2N), and vehicle
to pedestrian (V2P). These models provide important information on congestion
and fairness for drivers and pedestrians and thus improve safety and traffic and
reduce emissions. In addition, Artificial intelligence and machine learning have
a significant impact in developing these models, improving them, and especially
increasing their efficiency and accuracy [3].

Facts

• A V2X form of communication called Cellular Vehicle-to-Everything (C-
V2X) is adopted by many car manufacturers. This technology uses the
performance of 5G broadband and combines it with 4G for wider cellu-
lar coverage to establish long-range network communication between the
different elements of intelligent transport systems. It also uses wifi for di-
rect short-range communication using all the different models (V2I, V2V,
and V2P). This technology can be used in many areas of modern trans-
portation solutions such as collision prevention, platooning, cooperative
driving, and even autonomous driving [11].
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• In some big cities, the time spent in the traffic to find a parking spot
reaches up to 30% of the total traffic. [12] With the communication intel-
ligent transportation systems provide between the environment and the
vehicles, both cruising time and the parking spots can be reduced.

Key Drivers

• As a result of the wireless connection of vehicles, the infrastructure, and
the network, the traffic information or accessory knowledge on the envi-
ronment can be shared between the agents of the system. It can help
detect and prevent possible dangerous situations, which otherwise would
have been overseen. [13] With a fully implemented V2X model, a safer
driving experience and accident-free transportation can be achieved.

• V2X systems can improve road utilization and balance the traffic load
distribution. [14] This reduction in congestion has some significant out-
comes. Firstly, it reduces the time spent in the traffic. Especially in the
big cities, with more personal vehicles and therefore higher traffic density,
this could make a change in people’s lives. Secondly and more impor-
tantly, less time in traffic leads to better fuel economy. When the fuel
efficiency is maximized, the GHG emission is optimized.

Challenges

• One of the biggest challenges of V2X technology is the problem of battery
degradation[15]. Although recent studies have shown that the latter is
no longer a technical challenge, it is still an unsolved problem. Electric
battery life depends on local conditions, such as the quality of grid service
and the vehicle model. In order to convince users to participate in V2X
technology, it is crucial to offer them financial compensation in case the
battery life is reduced.

• Implementing V2X technology requires some adjustments to the distribu-
tion network. These adjustments can be costly, making this technology
not only time-consuming but also exclusive to wealthy countries that can
afford it. Some experts believe that major changes in distribution grids
can be avoided if smart solutions are used. Smart solutions can be, for
example, using machine learning algorithms to predict unknown grid vari-
ables instead of placing large numbers of smart meters all over the grid.

• Traffic congestion monitoring remains one of the key difficulties of V2X
implementations. For this purpose, sensors or GPS can be placed in all ve-
hicles. Additional monitoring systems can be installed in strategic parts of
the city. However, it means that this system will produce a large amount
of data, some of which might be considered outside of data protection
regulations. Because installing stable cameras all over the city and mov-
able ones inside vehicles lead to ”being watched” by the system all the
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time. To solve this problem, different sensors, such as radar sensors, can
be prefered. But it might decrease the accuracy of the collected data.

• Smart parking also requires smart placement of parking spots. To receive
information on the parking sports, especially in the popular places such
as shopping malls and city centers, a new infrastructure must be added.

Impact

Intelligent Transportation Systems affect the transportation sector on several
levels. The current impact maybe not be significant enough due to the lack
of the utilisation of ITS in the current transportations systems. However, its
influence is growing day by day since many cities and vehicle manufacturer com-
panies are starting to adapt Intelligent Transportation Systems. ITS respond to
the predicament of large-scale automobile traffic efficiently and sustainably pro-
viding road safety for drivers, passengers, and pedestrians. It conducts real-time
actions to ensure smooth traffic that contains much less congestion and more
safety by providing a variety of services such as traffic management, automatic
roadside inspections, variable traffic light and speed limits, and emergency man-
agement systems [3]. ITS doesn’t only affect safety and congestion but it also
has an economic impact. Using ITS, transport will cost less money since these
systems provide optimal routing and have ride-sharing options. These systems
also reduce greenhouse gas emissions, help in constructing smart cities, and lead
to a greener lifestyle. Intelligent Transportation Systems mostly uses electrical
or hydrogen-powered vehicles instead of fossil fuels based vehicles. It also pro-
vides optimal routing and avoids congestion which reduces energy consumption
and thus saves energy and reduces emissions.

High emissions and environmental pollution caused by traffic congestion have
become a huge and heavy burden on society. Therefore, the prediction of ur-
ban road network traffic flow and the rapid and accurate evaluation of traffic
congestion is of great significance to the study of urban traffic solutions. Traffic
management is a paradigm proposing a route server capable of handling the
traffic in a city and balancing traffic flows accounting present and future traffic
congestion conditions [16]. Many of the existing standards and algorithms are
mentioned in [17], as well as an evaluation algorithm capable of calculating and
evaluating traffic congestion levels based on microscopic traffic flow character-
istics.

Facts

• Traffic management surely is connected with Intelligent transportation
systems ??; ITS widely uses information technology, traffic engineering,
and behavioral science to reveal the rules of urban traffic, calculate traffic
flow in real-time, and try to guide vehicles and their surrounding vehicles
to avoid traffic congestion. The rapid development and deployment of ITS
in recent years have produced a lot of real-time traffic information [18].
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• Accurate traffic information prediction is important for many applications
in Advanced Traffic Information System (ATIS) and vehicle energy man-
agement. If traffic congestion information can be correctly predicted in
ATIS, it can be used to reduce the uncertainty of future traffic state,
improve traffic mobility, and provide drivers with reliable travel time es-
timates, expected delays, and optional routes to their destinations [17].

Key Drivers

• The technology mentioned in [16] has played a significant role in practical
applications. The proposed solution was validated in large-scale scenar-
ios, such as the city of Valencia, with an area of 77.43 km2, and where
the complexity increases due to the numerous routes that the vehicles
requested to centralized traffic manager. The proposal improved travel
times by 5%, and the average travel speed was 5% higher compared to the
reference traffic for the entire city. They also focused on areas facing high
congestion levels, such as the Ruzafa neighborhood in the city of Valencia,
where they evaluated our proposed solution when injecting additional ve-
hicles into this area to check the limits of our traffic balancing algorithm.
In particular, the proposed solution was able to improve travel times by
8% compared to the default traffic conditions even under very high loads.
In addition, the average travel speed with our proposed solution was 16%
higher, meaning that vehicles arrived faster to their destinations.

• As future work, conduct further experiments are planning to conduct to
determine the gain achieved by the approach in terms of CO2 emissions
and fuel consumption.

• Paper[17] focuses on how to apply data science technologies on vehicular
networks data to present a prediction method for traffic congestion based
on both real-time and predicted traffic data. Two evaluation frameworks
are established, and existing methods are used to compare and evaluate
the accuracy and efficiency of the presented method. The main reference
value of congestion evaluation is the occupancy rate of roads at a specific
time. Two comparison frameworks are used to verify the algorithm and
compare it with many other algorithms. The road network data used in
the comparison are, respectively, from Cologne, Germany, and Karamay,
Xinjiang, China. Traffic data are derived from real data and simulated
data generated by SUMO.

• Based on the experimental results, the results can be summarized as fol-
lows: the congestion evaluation method proposed in this paper can accu-
rately express the congestion degree of road network based on real-time
and predicted traffic data based on high efficiency and fast original inten-
tion. This conclusion is supported by the following facts:

1) For a single road, the processing time of 3000 seconds’ sampling data
is less than 0.0005 seconds on average, and the processing time of real-
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time processing and real-time rendering of more than 70000 sampled
data is less than 6s;

2) Without training cost, the algorithm itself is based on real-time or
predictive traffic data in a short period of time, without the need for
a large number of data as training sets and a large amount of time
for training;

3) Accuracy is higher than other algorithms compared;

4) It can support congestion calculation and real-time rendering for dif-
ferent cities, different road networks, different road structures, dif-
ferent traffic modes, and different sampling data types. It is robust
and can support larger road network and sample data processing and
rendering when the hardware is extended.

Challenges

• Traffic management enables data from a wide variety of sources without
actual integration between them. In parallel, the emerging technology of
the Internet of Things will enable data exchange to numerous everyday
devices that will integrate different sources more sustainably. However,
this causes other important challenges such as managing a large number
of devices, identify devices with different addresses to control the infor-
mation flow. Alongside the handling of various data sources comes the
problem of handling the huge amount and large variety of data that a big
city can produce in terms of public transport. Alongside the handling of
various data sources comes the problem of handling the huge amount and
large variety of data that a big city can produce in terms of public trans-
port. Furthermore, providing uncorrelated data asynchronously is another
challenge due to non-integration among different sources. So TMS needs
to find ways to fuse, aggregate, and manage data in a way that deals with
heterogeneous data sets in an until now decentralized system. [19]

• Present different information into a compact traffic representation. Find
the correct correlations between some information and the traffic, get the
knowledge of how important each parameter is in the formation of traffic.

• Centralized route management scheme may lead to overhead that limits its
potential performance. Moreover, it may be very inefficient for a very large
number of vehicles and not be done in an acceptable time. A solution could
be to let each vehicle perform route allocation, but it would be difficult to
give each vehicle a spherical view of the traffic condition and also to suggest
routes that will not later lead to traffic congestion in new areas. For that
reason, a proper trade-off between efficiency and complexity should be
decided.

• Sharing so many data could raise doubts about privacy issues and ensuring
privacy and security for everyone should be guaranteed from the start
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for such implementation to work. So one challenge is the encryption of
shared data and maintaining communication and efficiency in computing
alongside security techniques.

Impact

The vast majority of emissions in the transport sector are caused from light
private cars and other vehicles, so it is exactly the target of traffic management
techniques. As apporaches for a traggic management are yet in an experimental
level, not real implementation have been made so that a emmisions reduction
can be measured. However results show that such techniques can succed in re-
ducing the travel time as an average, which is directly related to GHG emissions
through cars. We consider based on existing work [16] that the knowledge of
implementing a centralized route management exists, and implementations will
start in the upcoming years. Yet there are important challenges to be dealt with
but since the technology for solving these challenges already exists, we classified
this trend as a low uncertainty one. On the other hand, because this high per-
centage of private vehicles, that cause this traffic congestion, are responsible for
the biggest part in emissions in the transportation sector and such approaches
can be integrated in every big urban area we think that the impact of this trend
should be above the middle. Even if it causes a small change for every city, the
fact that it can be used for billions of cars around the world makes the trend
worth mentioning and worth for further research and implementation. Last
but not least, the upcoming autonomous vehicles can help even more in such
strategies, and they can be immediately integrated in such systems.

5.3 Conclusion

We can see from the above four trends that machine learning will play an ex-
tremely important role in transportation in the future, so as to achieve our
goal, which is to reduce greenhouse gas emissions, prevent global warming, and
protect our living environment. Some of these four trends still have great un-
certainties. For example, the unmanned driving required by both Public Trans-
portation System and Intelligent Transportation System is currently immature,
and the application is risky, which is still very large for us. Challenges are
worthy of our continued research on breakthroughs. As for routes like Route
Planning and Traffic Management, we can use some of the existing artificial in-
telligence knowledge and mature models to combine the achievements of science
and technology with environmental protection concepts to achieve energy con-
servation and emission reduction, which has an important impact on our human
development. . After all, trends are just our guesses about the future based on
our current level of knowledge. It takes time to test how the future develops.
But just like our seminar, when people keep talking about using artificial intel-
ligence machine learning to improve the environment, and the development of
various fields to reduce greenhouse gas emissions, more and more of us will pay
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Figure 5.1: Driver matrix

more attention to science and technology and environmental protection. It is
believed that our trend forecast will move in a positive direction.
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Abstract

Extreme weathers like hurricanes, heat waves and their subsequent effects will
cause huge damage on the infrastructures and human lives. Fortunately, the
reliability of forecasting these weathers keeps improving thanks to the growing
computational power, increasing number of observations and advanced physical
models. Nowadays, artificial intelligence (AI) plays an important role in the
accuracy improvement of the prediction results. Yet, how far the AI technology
can lead us in predicting extreme weathers still remains a question. We intend
to study the current progress of the implementation of AI technology in this
area and its facing challenges. In this report, we select five possible trends.
We show how AI is already used in the prediction of hail, temperature, wind,
flood and segmentation of weather events. Among these the bias correction for
extreme air temperature and precipitation prediction is considered to be the
most promising. In all the trends we have selected, the main challenges of AI
usages remain as the accuracy and amount of data. A larger range of effective
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prediction both in time and space also worth pursuing.

6.1 Introduction

As a consequence of global warming, extreme weather events are much more
common and destructive than before. The number and intensity of heat waves,
major hurricanes and heavy downpours have increased in USA [1]. The cold
wave and winter storm in the beginning of year 2021 have caused 20.4 billion
dollars and 172 deaths in USA [2]. Moreover, it is expected in latest report that
the extreme precipitation in Western Europe will occur more frequently, which
has just caused severe flood in Germany in July, 2021 [3]. It is obvious that
we should accept the fact that there is no run-away from the extreme weather.
Accurate preparations such as a better prediction ability is needed urgently.
Fortunately, the accuracy of the weather prediction has also gained progress in
the past decades[4]. These achievements are mainly based on the improvements
of observations, numerical models and data analysis. At the same time, the
developing AI technology is promising in the study of environment[5]. This
naturally leads to the investigation of AI in the prediction of extreme weathers.
This report will list five possible trends of research directions in the following
chapters, and each trend will be analyzed via its key drivers, challenges and
possible impacts.

6.2 Trends

6.2.1 Machine Learning For Hail Prediction

Hail is an uncommon meteorological phenomenon in which small particles of
ice fall from the sky, and the storms that produce hail reaching the ground are
known as hailstorms. Hail is a solid form of rain made up of spheres or non-
regular ice cubes, with a diameter of between 5 mm or 15 cm, and normally
formed under some certain circumstances, for example the strong, upward mo-
tion of air freezing temperatures at lower heights. As a common, costly and
potentially weather event, the hail is already a high-impact severe weather haz-
ard, which can cause injuries to people, and damage to buildings, vehicles and
crops. It is showed statistically, that hail annually causes in excess of 1 billion
U.S. dollars of property damage and 1 billion of crop damage[6]. Another exam-
ple is a single hailstorm during the afternoon rush hour in the Denver, Colorado,
metropolitan area on 8 May 2017 resulted in 2.3 billion of insurance claims[7].

In order to reduce the economic impacts of severe hail, the need for accurate
and timely detection, prediction and tracking are underscored, which allow in-
dividuals and businesses to take necessary action toward avoiding risk to their
property and personal safety. However, accurate predictions of hail remain a
challenge due to the rapid evolution of hail-producing convective storms, cou-
pled with uncertainties and limitations of atmospheric observation data needed
to properly resolve the small-scale convective environment.
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Recently, the learning-based approaches have been proposed as powerful
and efficient for hail predictions. We have reviewed multiple paper related to
hailstorm using machine learning approaches, and summarize in this chapter
the current situation, state of art methods, challenge and also an outlook of
the future development with impacts. This subsection is assigned to Jiangnan
Huang and Xuyang Zhong.

Facts

• The existing hail forecasting techniques, such as proximity sounding[8],
numerical weather prediction model[9], have too many simplifications and
therefore are sensitive to difference. Except that, it is often not calibrated
and results comparatively less robustness.

• With the improvement of sensing and storing technologies, a large amount
of weather data become available, and the data size will continue growing
as radar imaging instruments continuously acquire data. The conventional
approaches have significantly worse performance comparing to learning-
based methods, when we want to process these gigantic data sets and
predict qualitatively as well as quantitatively hailstorms.

• Many machine learning approaches have been proved in other scientific re-
searches and practical applications that they obtain high accuracy, robust-
ness and efficiency to solve such problem based on big data. Besides the
computational efficiency, learning-based approaches don’t require many
prior information about model itself. Thus, they can also avoid too many
assumptions, which leads the traditional approaches to complexity and
worse performance.

• The learning-based approaches can take advantage of current meteorolog-
ical data sets, such as HREFv2[10], for training, validation and test. For
example, the input can be hailstorm size, spatial or temporal change and
the output can be the probability of hail occurrence.

Key Drivers

• Many machine learning technologies have been used in the domain of hail
research for detection, prediction, tracking and correction or calibration.
In this section it will be introduced some main technical streams and
evaluation methods.

• Regression

– Elastic net regression: It’s a specific penalized linear model regression
to estimate shape and scale parameters of gamma distribution in [11].

– Isotonic regression[12]: It’s a model which calibrates the severe hail
predictions toward the local storm reports and Storm Prediction Cen-
ter’s practically perfect output in [13].
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– Ridge regression with principle components analysis(PCA)[14]: The
dimension of features is firstly reduced by PCA, and the PCA gen-
erated features are the input of ridge regression, which is used to
predict the occurrence of hailstorm.

• Random Forest(RF): It’s an ensemble learning method which trains mul-
tiple decision trees with randomly selected features for branching. It can
be used for classification or regression and an example for hailstorm pre-
diction can be found in [11].

• Neural network approaches

– Autoencoder gives a better representation of the original input through
lossy compression, but it carries out denoising and reconstructs the
raw input. This input is then passed into a binary classifier, which
predicts whether the output is a hailstorm or not[15].

– One of the most popular learning-based solution is deep neural net-
work(DNN) with convolution. Since the data set frequently are a
large amount of radar images, the convolution operation is useful to
extract features from them. DNN is a powerful approximation to real
model and doesn’t required much prior information. DNN is used for
hailstorm prediction in [14], [16] and detection in [17].

– Many more neural networks have been developed for hailstorm pre-
diction, such as ResNet network[18], VGG16 network[19], nonlinear
SVM[20], Bayesian neural network[21]. In [16], these approaches are
also implemented as comparison.

• For evaluation there have been used usually statistics like confusion ma-
trix, precision and recall in [16], BSS in [14] and graphical representation
like ROC in [13].

Challenges

• The training data in [14] are simulated storm data, which were generated
in convection allowing models(CAMs). They are often displaced in space,
time, and intensity from the observed hailstorms, so the verification scores
will generally be less skilled than the perfect model results.

• Data set limitation

– Some no-hail images, which are used for training but contain hail-
related features, may lead to miss-classification of model.

– Some events are extremely localized, hail features are only in a small
region on the image. It affects the performance of model.

– If hailstorm and thunderstorm happen at the same time and same
place, the case is often labelled as ”Hail”.
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– The existing methods only carried out experiments on small data sets
limited to a region, country, or location and a large number of input
features, so the trained model might not work in other regions.

– Due to the data imbalance, Autoencoder and convolution neural net-
work(CNN) will have a bad performance on minor data.

• DNN have have many possible configurations and parameter settings, it
is time-consuming to find the best set of hyper-parameters.

Impact

Machine learning has shown its great potential to hailstorm prediction, but
there are still rooms for improvement. For instance, CNN can be combined
with RF. Since RF is more robust to data imbalance, and CNN has stronger
learning capability, the combination may result in a better result. Besides, the
actual researches lack the exploitation of temporal information, the introduction
of recurrent neural network(RNN) may be helpful.

For hailstorm prediction, machine learning model is capable of giving satisfy-
ing results. It liberates technical staff from monitoring the weather information
all day, and can give warning signal in real time. For example, as Figure 1
shown, the severe hailstorm spatial distributions can help technical staff and
policy makers prevent disasters. However, for some developing countries, they
do not have enough weather data to train a model. If some companies or in-
stitutions are willing to make their pre-trained models open-sourced, ML can
better benefit humanity.

6.2.2 Bias Correction for Extreme Air Temperature and
Precipitation Prediction

The Numerical Weather Prediction (NWP) model has been broadly utilized for
forecasting air temperature and precipitation, yet by and large, it has a specific
bias because of its coarse framework goal and absence of parameterizations. Re-
vising the forecast bias of numerical climate prediction models is significant for
serious climate alerts. Usually, the refined grid forecast requires direct correc-
tion on gridded forecast products, rather than amending forecast information
just at individual climate stations.

AI is exceptionally useful in such cases, it can assist us with adjusting the
bias that enables a better extreme climate forecast. In a recent research paper
[22], various techniques were utilized for the bias correction such as random
forest (RF), support vector regression (SVR), artificial neural network (ANN),
and a multi-model ensemble (MME) to correct the Local Data Assimilation and
Prediction System (LDAPS) which is a local NWP model over South Korea. It
is a model that yields the next-day most extreme and least air temperatures in
Seoul.
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Figure 6.1: Map of spatial distribution of average forecasted Tmaxt+1 based on
(a) LDAPS, (b) RF, (c) SVR, (d) ANN and (e) MME models, and (f) SRTM
elevation aggregated to 1.5 km resolution [22].

Facts

• In the Republic of South Korea, 60 to 70% of the yearly precipitation
sum [23] is generally produced throughout the summer time frame (July
to September). In order to be ready for catastrophic events and guar-
anteeing the sustainability of water assets, efficient water management
plans should be detailed for the weighty precipitation time frame. The
determination of exact bias correction techniques can help in acquiring
dependable projected precipitation changes across the Korean landmass
for the late spring time frame later on, which can help in moderating
expected dangers from catastrophic events.

• Forecasting Tmaxt+1
[22] : The LDAPS model had an R2 of 0.69, a bias of
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−0.85 ◦C, and an RMSE (one of the commonly used error-index statistics
for observed and simulated data) of 2.08 ◦C, whereas according to hind-
cast validation all bias correction models improved performance with R2

ranging from 0.75 to 0.78, biases from -0.16 to -0.07 ◦C and RMSEs from
1.55 to 1.66 ◦C. A comparison of the different used methods can be seen
in figure

• Forecasting Tmint+1
[22] : The LDAPS model had an R2 of 0.77, a bias

of 0.51 ◦C, and an RMSE of 1.43 ◦C, whereas the bias correction models
showed R2 from 0.86 to 0.87, biases from -0.03 to 0.03 ◦C and RMSEs
from 0.98 to 1.02 ◦C.

• A downside of climate-means-bias-correction is the requirement for a long
preparing dataset [24], and since an estimate works best with a frozen
model, the information base should be totally reconstructed at whatever
point the model is updated, which requires a lot of computational assets.
Therefore, routine improvements to the model are consolidated in the
forecast-based products as soon as they are implemented.

Key Drivers

The most commonly used bias correction methods in the air temperature fore-
casting fields are the MOS and KF techniques.

The MOS improves forecasting accuracy by applying a statistical linear
model developed between the past model results and observation data to the
NWP model output. The Kalman Filter (KF) has been widely used to solve
nonlinear problems. When forecasting air temperature, KF first bias-corrects
NWP model output.

In addition to that, some machine learning approaches have been used to
correct the bias of the NWP model’s air temperature outputs. As referenced
above various strategies of the machine learning approaches were utilized, for
example, random forest (RF), support vector regression (SVR), artificial neural
network (ANN), and a multi-model ensemble (MME). This Machine Learning
techniques are not sensitive to the multi-collinearity of input variables, and thus
can deal with many input variables.

• Random forest (RF): The first bias correction model, RF, is an ensemble
machine learning algorithm that predicts a target variable from a set of
predictors by growing multiple trees and aggregating their results. RF
has been widely used to solve a multitude of classification and regression
problems [22].

• Artificial neural network (ANN): ANN has an interconnected structure
which emulates the operations and connectivity of biological neurons in
human brain. This study used a multi-layer perceptron (MLP) neural
network that consists of input, output and hidden layers with a back-
propagation algorithm, which is the most popular due to its ease of train-
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ing, meaning it has been widely used in many applications including fore-
casting [22].

⇒ ANN and RF are used to improve the minimum temperature forecasting
skills of two NWP models. ECNWF and Local Area Model Italy (LAMI)
in a region of the Italian Alps found that, compared to other approaches,
RF yielded the best results with the advantage of an easily automated
process.

• The SVR algorithm, aims to get the optimal hyperplane that fits the data
and predicts with minimal empirical errors. SVR generally converts train-
ing data from the original dimension to a higher dimension to effectively
find the optimum hyperplane [22].

⇒ The accuracy of air temperature was improved from the Local Data
Assimilation and Prediction System (LDAPS) model in Seoul, South Ko-
rea, by using SVR and a linear regression model, finding that SVR showed
higher correction accuracy than the linear regression model.

• Multi-model ensemble (MME): MME is used to combine multiple ma-
chine learning models. Generally, this approach enables users to achieve
higher accuracy and robustness when compared to using a single model
and serve to improve NWP model-derived daily maximum and minimum
air temperature [22].

Challenges

• There are currently several different machine learning algorithms being
used in temperature bias correction. However, improving models accuracy
remains a challenge, especially when the forecast time horizon increases.

• An individual machine learning algorithm cannot reduce the NWP model
bias consistently and effectively due to the complex connection between
the atmosphere and the ground [25].

• In contrast to global models that currently possess a high capacity to fore-
cast precipitation based on synoptic scale features, high-resolution regional
models have the advantage of capturing locally heavy rainfall. Neverthe-
less, for cases with multiple precipitation from tropical cyclones (TCs),
it is a challenge for all models, whether they are global or regional, to
provide reliable guidance on TC rainfall [26].

• There may be a trade-off between sharpness and reliability when evaluat-
ing forecasts after bias correction. Additionally, the evaluation of forecast
reliability shows that while bias correction improves the forecast reliability,
more improvement is still required [27].
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Impact

Generally, effect analysis of relevant meteorological (such as mean, maximum,
and minimum temperatures, rainfall, and relative humidity) and geographical
(such as latitude, longitude, and elevation) variables improves air temperature
forecasting accuracy. In future research studies, the use of feature selection
techniques, like recursive feature elimination, and correlation coefficients, will
aid in selecting the optimal input variables for air temperature and precipitation
prediction.

6.2.3 Convolutional Neural Networks for Wind Forecast-
ing

High-resolution visual data can now be used for weather monitoring and fore-
casting thanks to development of machine learning. Accurate wind forecasting
is particularly important for a variety of economic, business, and management
sectors. One of the most well-known natural disasters is typhoon. Typhoon
can cause huge damage to agriculture, buildings, etc. and further affect the
economy of human society. How to accurately predict wind (wind speed, wind
direction, type of wind, etc.) has become a hot and worthy research topic. In
this trend, we will introduce different methods of using Convolutional Neural
Networks (CNN) to predict wind.

Facts

• Typhoon is one of the most frequent disasters. It will not only cause
powerful damage, but also cause casualties. For example just affected by
Typhoon Haiyan, 6,352 people were confirmed dead, 1,771 people were
missing, causing economic losses of 2.98 billion Dollar. [28]

• Traditional numerical forecast models based on fluid mechanics have diffi-
culty in predicting the intensity of typhoons. Forecasts based on statistics
and machine learning fail to take into account the spatial and temporal
relationships among typhoon formation variables leading to weaknesses in
the predictive power of this model. [29]

• Typhoon messages are a type of observational data that record the occur-
rence, development, end status, intensity and path prediction of typhoon.
According to the data in the typhoon messages, the typhoon occurrence
process can be analyzed and the quality of the typhoon initial value in the
future climate model simulation can be improved The problems in the re-
ception of global typhoon messages are: 1) Typhoon pre-warning messages
High latency caused by passive reception; 2) The problem of incomplete
typhoon message data. [30] If the complete set of typhoon message data
cannot be collected, this data will not be used for scientific research.

• Global mean land surface temperature and sea surface temperature (SST)
have risen significantly over the past half century, and the Intergovernmen-
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tal Panel on Climate Change (IPCC) Fourth Assessment Report (AR4)
concluded that most of the global surface temperature increase was very
likely due to the observed increase in anthropogenic greenhouse gas con-
centrations. Given the great societal and scientific concerns, the impact of
global warming on tropical cyclone (TC) activity has been the subject of
considerable investigation in recent years. While progress has been made
in assessing the influence on TC intensity and rainfall, relatively little is
known about the possible change of TC tracks in a warming climate. [31]

Key Drivers

• In order to deal with the complex typhoon climate problem, multiple
models with different advantages can be used to construct a composite
model. Such as the three components of the hybrid model, the 3D-CNN
(is used to analyse atmospheric variables in 3-dimensional space); 2D-
CNN(is used to analyse those at the sea surface); and, LSTM (is used to
capture the temporal correlations) are combined to collate data which is
used to analyse the relationship between spatio-temporal phenomena and
the variables of typhoon formation and intensity. [29]

• On the basis of the original message collection process, an additional ty-
phoon recognition module implemented through deep learning is added to
actively acquire and receive typhoon messages to complete the purpose of
collecting and supplementing the collection of messages in advance. [30]
That is, through the neural network to improve the timeliness of the col-
lected messages and increase the types of collected messages.

• The current typhoon monitoring and prediction are mainly based on sim-
ulation with meteorological data; the accuracy still needs to be improved.
Nowadays, the technology of Internet of Things (IoT) and remote sensing
technology become more and more closely linked; many IoT systems in
smart cities’ can obtain high-resolution remote sensing image data. There-
fore, it is possible to use urban IoT system to realize the early warning of
typhoon. [32]

Challenges

• Based on the existing methods, it is still difficult for us to predict the
long-term future for wind speed and maintain a high accuracy rate. [33]

• The function of the sensor is limited, people cannot get the ideal data for
analysis

• Typhoons can be roughly divided into two categories: One is the typhoon
with an eye, and the other is typhoon without eyes. Eye regions of ty-
phoons are more obvious on meteorological satellite images. In many
cases, images of non-eye typhoons have no obvious features. [32]
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• People have not explored some challenging topics such as anomaly detec-
tion, partial annotation detection and transfer learning (e.g. to satellite
imagery). [34]

Impact

The reliability and practicality of CNN have been fully proved in the analysis and
prediction of one of the most frequent and destructive types of extreme weather -
Typhoon. Due to the possible combination of CNN with other DNN structures,
the application of CNN can be widely extended. Therefore, CNN plays a vital
role in the prevention of huge disasters such as floods and tsunamis caused by
typhoons. Additionally, the use of neural networks to forecast typhoons will
have more realistic economic and social benefits as the concepts of smart cities
and IoT become more mature and popular.

6.2.4 Prediction of pluvial Flooding Events

In recent years, the number of floods caused by intense rainfalls has increased
steadily. This is mainly due to climate change and urbanisation. We became
aware of the fact that this is an existential threat to us again this year in Ger-
many. More than 160 people died in Rhineland-Palatinate and North Rhine-
Westphalia alone. There is also criticism of the incompletely functioning early
warning system for extreme climate events. The predictions of climate re-
searchers are that such events may occur more strongly and more frequently
in the future due to global warming. Warmer temperatures cause more water
to evaporate and the air to absorb more moisture. A decreasing jet stream en-
sures that weather conditions stay longer in one place[35]. Therefore, more rain
can fall in these areas. To predict such events, a distinction is made between
long-term prediction and short-term prediction. This is done because there is no
predictor that can make a good prediction at all times. Long-term forecasting
is needed to take preventive measures. Here, risk areas are to be identified and
as few as possible inhabited or protected. The short-term forecast is used to
warn the inhabitants of an impending flood and to bring them to safety.

Facts

• Flooding due to heavy rainfall is one of the most common types and has
high priority in the development of early warning systems[37].

• About 40 % of the damages and associated economic losses in the UK are
from flooding[38]. In China 98% of the cities are exposed or vulnerable to
frequent floods[39].

• Initial case studies have shown that Ml models can have a 5 % - 15 % higher
accuracy and true positive rate and can thus improve existing warning
systems[40].
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Figure 6.2: Flooding in Meißen, Germany [36]

• Ml algorithms are usually more efficient and easier to use than traditional
computationally intensive hydraulic models[40].

Key Drivers

• Data science and machine learning are constantly being developed and,
thanks to powerful hardware and effective algorithms, are very well suited
to complex problems such as this one.

• Increasing amounts of data are being generated, such as data from satel-
lites, which can lead to better performance[41].

• As the problem of flooding continues to grow, policy makers continue to
promote and invest in it.

• As more and more people are moving to the city and these conurbations
are affected much more frequently due to dense development. In addition,
riverine development often contributes to making the situation worse.

Challenges

• In regions that have not been so badly affected by floods, there is not
much data.
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• It is not yet possible to foresee exactly what influence climate change will
have in the future. This makes it particularly difficult to make long-term
predictions.

• In most cases, no universal solution can be found, but one must adapt to
individual areas.

• Scientists from several disciplines have to work together, which can be a
challenge and can affect the outcome.[42].

Impact

Machine learning can be used to build more accurate systems, as demonstrated
by an example in Shenzhen [40]. A promising point is the further development
of hybrid models, with which better results were achieved in both short-term
prediction and long-term prediction [42]. In addition, it makes sense to use radar
and satellite data, through which an increase in performance can be achieved
[41]. With a lot of data from different sources, the positive influence of de-
composition methods is noticeable[42]. To develop a well-functioning system,
scientists from many fields need to collaborate and share their expertise. New
knowledge from the fields involved can make these predictions more accurate.

6.2.5 Segmentation of Atmospheric Rivers and Tropical
Cyclones using Deep Learning

Tropical cyclones (TC), extra-tropical cyclones (ETC) and atmospheric rivers
(AR) are severe and powerful weather events. Depending on their size and
shape they may lead to extreme rainfalls, hurricanes or typhoons. Traditional
methods to detect these phenomena rely on sequentially processing of the same
data to identify each event category (TC, ETC or AR). However, it would be
much more effective to detect all types of extreme weather events based on the
characteristics and trends that exist in multi-variate climatic datasets. Deep
learning can be used as a sensor and an automated extreme weather tracker
that relies on spatiotemporal models, instead of thresholds, in climate model
simulations. With the help of deep learning, scientists can better investigate
the environmental factors that control the frequency, intensity and location of
these extreme weather phenomena and how they would vary in different climate
change scenarios due to global warming. [43] This section is assigned to Sefa
Ekin Yilmaz.

Facts

• Traditional extreme weather detection methods rely on subjective, ar-
guably arbitrary thresholds that may change under different climate change
scenarois due to global warming [43].
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• One obstacle of choosing different thresholds or variables in traditional
detection methods would be that there are large discrepancies between
their outputs even for the same type of pattern or event [44].

• Deep learning models can be applied to different data sets without tun-
ing, since they do not rely on threshold conditions unlike the traditional
detection methods, using these models would be beneficial under climate
change conditions [44].

Key Drivers

• Recent research has shown that deep learning can be applied to identify
the type (classification), spatial extent (location) and pixel-level (segmen-
tation) masks of weather and climate models [21].

• Yet, key patterns of extreme-causing weather events are not very well
understood, making them difficult to be forecasted beforehand. Since ma-
chine learning approaches have yielded promising results in representing
physical processes in the ocean and atmosphere, it is believed that these
techniques have the potential to make important improvements in climate
modelling and long-term climate projections.[45]

• Deep neural networks are capable of learning high-level representations
of patterns from labeled data. Bearing in mind that many factors af-
fect the occurancy of these extreme weather events, using such techniques
would produce reliable results for extracting the patterns that lead to such
events.[21]

Challenges

• One of the most important requirements for the success of supervised
deep learning models is the quality and reliability of the data labelled by
experts. There is a lack of crucial experts-labeled datasets in fields of
weather and climate science. [44]

• In extreme weather events segmentation problems the data set is usually
imbalanced, since in the images there are a lot more background pixels
than the pixels of AR, ETC or TC [43].

• There are also many physical factors that have impact on the occurancy of
tropical cyclones, extra tropical cyclones or atmospheric rivers and these
factors vary for each event. For example atmospheric rivers are correlated
with the vertical integration of water vapor, while tropical cyclones cor-
relates with sea level pressure, near surface wind and upper troposphere
temperature, which make identification of these events even more chal-
lenging. [46]
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Figure 6.3: Comparison trends in trend matrix

Impact

Keeping in mind that there are large discrepancies between different traditional
extreme weather event prediction methods and additionally since these meth-
ods rely on different threshold conditions, the use of deep learning methods to
segment these events is beneficial especially to be able to cope with them in
different climate change scenarios due to global warming.

6.3 Conclusion

In the previous chapter five trends was introduced. Five trends are compared
through two dimensions: uncertainty and impact. Uncertainty represents the
problems and challenges encountered by the trend. And impact is his effects or
benefits on the future. The result is showed in figure 6.3.

In recent decades, the monitoring of the earth, environment and weather
systems has made rapid progress. Meteorologists are increasingly turning to
artificial intelligence to improve weather modeling, from predicting short- and
long-term patterns to predicting life-threatening extreme weather events. A to-
tal of five trends have been proposed in this article, involving the prediction
of extreme hail weather, precipitation prediction, wind forecasting, flood event
prediction and segmentation of weather events.

Every trend we propose plays an important role in the field of extreme weather
forecasting, and they also face various challenges. There are some common
challenges, which are even the challenges encountered by all artificial intelli-
gence models. For example: the accuracy of the collection of a large amount
of data, the accuracy of long-term forecasts and the joint cooperation between
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interdisciplinary.

Since this industry is still in its early stages, there are many challenges in the
future. The core of using artificial intelligence to predict extreme weather is
to establish a reasonable and effective mathematical and data model, and to
ensure the stability of the algorithm.

References

[1] Donald J Wuebbles et al. “Climate science special report: Fourth national
climate assessment (NCA4), Volume I”. In: (2017).

[2] Adam B Smith. “2020 US Billion-Dollar Weather and Climate Disas-
ters—In Historical Context”. In: 101st American Meteorological Society
Annual Meeting. AMS. 2021.

[3] F Kreienkamp et al. “Rapid attribution of heavy rainfall events leading
to the severe flooding in Western Europe during July 2021”. In: (2021).

[4] Richard B Alley, Kerry A Emanuel, and Fuqing Zhang. “Advances in
weather prediction”. In: Science 363.6425 (2019), pp. 342–344.

[5] David Rolnick et al. Tackling Climate Change with Machine Learning.
https : / / arxiv . org / pdf / 1906 . 05433 . pdf. [Online; accessed: 27-
August-2021]. 2019. arXiv: 1906.05433 [cs.CY].

[6] Ryan Jewell and Julian Brimelow. “Evaluation of Alberta Hail Growth
Model Using Severe Hail Proximity Soundings from the United States”.
In: Weather and Forecasting 24.6 (2009), pp. 1592–1609. doi: 10.1175/
2009waf2222230.1.

[7] A. Svaldi. “Damage from last year’s massive front range hail storm cost 2.3
billion - 900 million more than first estimated”. In: (2018). url: https:
//www.denverpost.com/%202018/05/07/2017-front-range-hail-

storm-damage-cost/.
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Abstract

Different ways in which machine learning can be used to avert the climate cri-
sis have been proposed. One of the most critical aspects of climate change is
making the right decisions that lead to more climate-friendly actions, prevention
and mitigation. The challenge of such a global problem, where the consequences
are not so direct and obvious, is to find agreements between the different actors
and interests involved. This trend report is based on a review of state of the
art available documentation and also reflects own research and assessment. The
focus lies on the use of machine learning techniques to improve climate-related
decision making. Our investigations concur in two key requirements. First,
objective and accurate models to act with precision, minimize costs and conse-
quently also have more persuasion power, essentially via Integrated Assessment
Models. Second, the will to apply this knowledge to individual decisions by
nudging and globally through agreements. Hence, appropriate education and
negotiation methods are necessary, such as Serious Games and Agent Based
Models.
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7.1 Introduction

Technology by itself will not stop climate change. Technological advances must
target critical aspects of climate change accurately, allowing us to reduce CO2

emissions from an individual level up to larger scaled organizations such as
companies and countries. To promote large-scale adaptation of climate-friendly
technologies and CO2 reduction measures, adequate policies and, consequently,
widely spread environmental awareness among society are essential. Can data
science help achieve these goals?

This is where data-driven decision making comes into play. Data-driven
decision making refers to the practice of making decisions based on the analysis
of data rather than on intuition or observation alone. In the context of climate
change, data-driven decision making can be highly useful for both individual
and collective decisions [1].

Each one of us is constantly confronted with decisions affecting emissions,
but may lack the knowledge of which decisions have the greatest impact on
reducing it. Basing our decisions on data, e.g. in the form of nudging, can help
maximize their positive effect on the climate [2].

Collective decisions made, for instance, by governments, businesses, NGOs,
or intergovernmental organizations comprise many kinds of action and often
involve multiple stakeholders with different priorities and motivations. To suc-
cessfully analyze and process all the variables involved in the context of climate
change and make decisions that yield mutually beneficial outcomes, mathe-
matical methods from fields such as policy analysis or game theory as well as
accurate climate models supported by machine learning are crucial to guide the
decision-making process [2].

In a more profound way, both individual and collective decisions are also
shaped by climate education, which helps people across societies understand
and address the repercussions of climate change. In this manner, education
raises awareness of climate issues and how to tackle them – and thereby posi-
tively influences climate-related decision making of both individuals and orga-
nizations. Educational methods incorporating data-driven insights have proven
particularly effective due to their personalized and interactive nature [2].

This report presents four emerging trends in the field of data-driven decision
making. It is structured as follows: in Chapter 2, the results of our research are
demonstrated. To conclude, all trends are assessed and compared in terms of
impact and uncertainty in Chapter 3 and an outlook on future developments is
provided.

7.2 Trends

In the following section different trends are presented. First human decision
making and the trend for more personalization using AI is discussed. This
might be used to reduce the CO2 emissions by Nudging. Next AI improvements
for Climate Models are discussed. The third trend is the use of AI for policy
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assessment. Climate models and policy assessment are important for designing
good policies that reduce CO2 emissions. Finally Serious Games are presented.
These might help to educate about climate change.

7.2.1 Nudging

Many CO2 emissions are related to consumption habits. By changing these, a
reduction of emissions can be achieved [3].

To describe human behaviors we have to use some type of model. Economic
models characterize the actor as rational, egoistic and with constant preferences.
But it is clear from observations that humans do not behave this way. A better
way to describe human decision making is a model with two Systems, System 1
and System 2.

• System 1 works automatic and fast, and does not require deliberate con-
trol.

• System 2 is used for more mentally taxing tasks. This system is slow and
requires concentration.

Usually we associate human decision making with conscious and logical de-
cisions and deliberate control of actions. This is associated with System 2. But
actually System 1 does most of the decisions and is in control of the impres-
sions and feelings. This makes clear that humans do not always make rational
decisions[4]. This makes it possible to influence these decisions based on these
observations. One way to influence human decisions is nudging. This describes
changes to the choice architecture without mandates, bans or financial incen-
tives. The main idea is to make some option easier, but still allow for different
choices to preserve liberty. Basic techniques are the use of default rules or sim-
plification in forms, which make it easier to do a certain thing. Other techniques
are the use of social norms, where it is emphasized what most people do and
informing people about the consequences of their choices. To ensure that these
work as intended, empirical tests are needed[5].

Facts

• Advertisement often operates based on emotions[6]. In user interfaces
Dark Patterns are used to exploit human behaviour [7].

• Some type of choice architecture is always present, as human decisions
are always influenced by the surroundings. So new nudges usually replace
preexisting nudges[5].

• Nudging can also be done in a digital environment. The idea is to per-
sonalise it and make it context aware to increase the effectiveness. This
requires processing of various different information sources to create the
user profile, process the context, select the relevant information and finally
design and present the nudge [8]. The process is illustrated in figure 7.1.
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Key Drivers

• Recommendation systems are used by companies for their e-commerce and
many other purposes [9]. Also there is a growing trend toward personal-
ization [10].

• Personal digital assistants like Siri, Alexa or Google Now which are be-
coming more and more widespread [11]. This will make recommendaton
systems more important for everyday decision making.

• One classic example for the usage of AI for a recommendation system is
Netflix. Here they use different algorithms to compile personalized rec-
ommendations. These are also further improved using A/B-testing, where
some randomly chosen users get the recommendation from an altered al-
gorithm [12].

• To make personal decisions more ecological the reduction of CO2 emissions
has to be an additional objective. Business sustainability and COVID
mitigation requirements where included into a recommendation system
alongside customer utility [13]. A different proposal is to use AI to nudge
people to more healthy food by recommending healthier recipes in recipe
websites, by using more appealing images for healthier options [14].

• Feedback can be used to help customers reduce their energy consumption
[15].

• IOT technology can add situational awareness, this means knowledge of
the current environment like weather, or current traffic. By personal-
ization the information can be relevant for the person, so take personal
preferences into account[16].

• People are more likely to use the bike if they have an appropriate and safe
infrastructure. Apart from the reduced CO2 emissions and other ecological
benefits active transport (walking and cycling) has health benefits as well.
There is already work done on how to facilitate AI and Data science to
improve cycling safety and usage[17, 18].

Challenges

• Preservation of privacy limits that certain data are only processed on the
user’s device, or it has to be ensured that the transmitted data does not
violate the privacy of the user. This is especially difficult for complex
systems as AI, because user data that is used to improve the system can
cause a privacy infliction[8].

• There has been some debate about the ethics of nudging. From these
discussions some aspects should be considered for the implementation of
nudges [19]. A further aspect is that humans are not rational actors. As
such, humans might need help with their decision making [4].
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Figure 7.1: Process of designing a Smart Nudge (Simplified from [8])

• To be impactfull the nudging needs to be widespread and receive support
by influential actors, like the popular search engines.

Impact

The effect of nudging is only minor compared to other interventions. Also the
effect of nudging is only limited and sometimes leads to less ecological behavior
in other aspects. Nudging can lead to diminishing support for other measures, as
long as people are not told about the limited potential of nudges [20]. It is easy
to conceive that the notion of AI as a solution to climate change has the same
effect of reducing the support for other more effective means of CO2 reduction.
It is probably equally important in this case to communicate the limitations
of CO2 emission reduction achievable with AI. By this we can avoid possible
additional emissions due to a lack of employment of more effective means to
combat climate change.

7.2.2 Improving climate models

Extensive and accurate models that describe the physical processes of climate
change and its impacts and causes, are essential to understand the implied risks
and how to avoid or mitigate them. The same way that it is not possible to
win a chess tournament without knowing its rules, we need the background
information about climate change to be as precise as possible when making
decisions or designing policies.

Facts

• Integrated Assessment Models (IAMs) are being used to model physical,
economic and social aspects of climate change and their interaction with
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each other. Some of them play a prominent role in the IPCC assess-
ments and are official references for supranational organizations such as
the United Nations [21]. Machine Learning’s accuracy and ability to deal
with huge amount of data, makes it a very powerful and adequate tool for
this purpose [2].

• Because of the complexity of the dealing within the various biogeochemical
and socioeconomic components, a number of quantitative models have
been developed to study those relationships and the effects of the public
policies regarding of future climate change [21].

• Responding to the climate change requires rapid and effective decision-
making by groups at multiple levels – communities, unions, NGOs, busi-
nesses, governments, intergovernmental organizations, and many more.
These decisions are related to multiple stakeholders with different goals
and priorities, necessitating difficult trade-offs [2]. Therefore, we need un-
biased and optimal criteria to minimize the social and economic costs,
thus being able to convince as many people as possible.

Key Drivers

• Scientists are the most obvious actors in this topic. From biologists, physi-
cists, engineers and computer scientists to economists and even psycholo-
gists. They are the experts involved in the task of modeling climate and
people’s behavior. There might be groups willing to contribute out of al-
truism and academic purposes, but such an expertise and hard work also
deserves economic retributions. This is where the next groups come into
play.

• Companies tend to adapt to satisfy their customer’s needs. However, most
of us are not aware of our carbon footprint when we make decisions such
as which phone we buy for example. While this is the case, companies
will not have strong incentives to behave sustainably. This is one of the
main reasons why individual decision making is so important and can be
supported with the previously discussed methods.

• Nevertheless, most of the decisions regarding climate change, concretely
regulations and development plans, are of governmental responsability.
In our opinion, they should take the lead and provide the experts with
economical finance, as well as seriously taking the experts results into
consideration when developing related regulations and plans in a symbiotic
manner.

Challenges

• The potential for catastrophic climate change impacts is among the most
important concerns about climate change. Designing economic cost of
such catastrophical events exists in IAM models, but there is a lack of
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basis in order to determine the size, timing, or probability of the tipping
points of such events or the damage caused on the economy. In this case,
it is necessary to collect the expert opinions for the characterization of the
functional form and uncertainty of these tipping points [21].

• Moreover, obtaining the relevant data is not trivial. Many non democratic
countries may not have incentives to share information about their habits,
for example.

• Lack of scientific knowledge of complex physical processes with many in-
terdependant variables, such as some natural processes.

• The main focus of the to date IAMs is the efficiency. Lack of equality
consideration within and between nations in these models can be prob-
lematic, as those issues are often topics of political debate for climate
change. Treatment of socioeconomic aspects at regional, national and
international level should be considered in IAMs [21].

• Additionally to fair treatment of the countries, intertemporal and inter-
generational equality should be adressed so the appropriate discount rate
of implementation of policies for mitigation can be designed [21].

• IAMs to date simplify assumptions about risk attitudes and do not cover
the alternative assumptioms at all, which could lead to understating the
society’s degree of risk aversion to poor outcomes and resulting mitigation
could be less than desired [21].

Impact

Extensive and accurate information is key to tackle climate change. Under-
standing its exact causes and consequences is the only way to effectively act in
consequence. Another benefit is that we create realistic, practically non-skewed
information to help us find optimal solutions in policy assessment. The chal-
lenges described show some uncertainty in the impact, specially since having
the right information and models does not guarantee using them wisely. When
dealing with a global problem, it is important to negociate with objective, un-
biased data in order to embrace all political views and cultures. This is the
most promising negotiation method to convince as many people as possible and
collaborate for the best results, which leads us to the next section.

7.2.3 Policy Assessment

Assessing policies is a part of policy advisory. There is an increasing need for
advisory due to the fact that the problems that have to be solved in politics,
especially regarding the climate change, are increasingly more complex or even
unsolvable. These issues are often referred to as ”Wicked Problems” [23].
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Figure 7.2: Diagramatic Examples of RCP Integrated Assessment Models [22]

Policy advisory is more a continuing support of the decision process and
not only the handover of a ready-made solution. Therefore, policy advisory
itself has to be understood as a process [24]. Good policy advisory should
be fact-supported and therefore not based on ideological prejudices or theoret-
ical debates, but grounded on practical observations and empirically evalua-
tions [23]. The advice given by scientists should be both epistemologically and
politically robust. ”Evidence-based policy-making” is the idea that political
decision-making can find more effective solutions to the problems it faces if it
uses scientific findings. This rational-technocratic approach also has its limita-
tion, namely that in this process not only knowledge has to be managed but
also the limits of knowledge and uncertainty [23]. Also, real world limitations,
like the limited knowledge or time, make it impossible to reach ideal rationality
[24].

The results of policy advisory are usually not binding. But sometimes they
are integrated into a formal context with some bindingness [23]. Juristically,
there is also the problem that the scientific results, that are necessarily not
democratic, have to be embedded into a political process that draws it legitimacy
from the democratic process. On the other hand there is also an argument to be
had that there is also an obligation to include expertise into the decision process
[25]. Nevertheless, with the development of techniques like natural language
processing (NLP) or agent-based models there is huge potential in analyzing
previous policies and the effects of new ones using machine learning.
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Facts

• In the fight against global warming, politics must also play its role and
make the right changes to the law.

• The areas where our environment is polluted by human intervention and
where we need to take action are mostly known. In addition, it is possible
to define different tipping points that should not be exceeded. Where
these are located is not yet fully explored but there are already different
approaches to define them, as described in [26].

• Various legislative tools, that can be market-based, law-based or regula-
tory are available. Examples could be subsidies, taxes, green certificates
or tradable permits described in [26] extensively.

• More and more data on the behaviour of different actors such as individ-
uals, communities, associations, unions, NGOs, governments and many
more are widely accessible and continue to be collected (e.g. essential for
developing behavior rules of the individual agents).

Key Drivers

• (Multi) Agent-based models (ABM’s) in combination with Reinforcement
Learning like in [27] or [28].

• Combinatorial optimization tools [29].

• Integrated assessment models (IAMs) presented in [30] and [21].

• Data-driven modelling frameworks for learning behavioural rules and nec-
essary attributes that need to be initially assigned to the agent-based
model presented in [31] and [32].

Challenges

• So far, only a relatively small number of agents can be modelled. This
means that the results are not yet transferable to nations or unions on a
large scale.

• The design of attributes, learning behaviour and rules for the agents and
the environment in which they operate is usually still designed by experts,
which is why this is very expensive and time-consuming [2].

• In some urgent cases (like the pandemic), machine learning models could
be unreliable due to the lack of historical data. Who should take respon-
sibility for the decisions made, which are becoming increasingly difficult
due to the rapidly progressing climate change?

• The simulations of different policies can only be as good as the different
climate models that are included. Therefore, it is important that as in
chapter 7.2.2 the reliability of climate models increases.
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• Many different stakeholders and interests play a role in the development of
legislation. The question arises to what extent the AI solution is included
in the decision-making process, even if it is the optimal or most rational
solution.

Impact

The trend described can help to analyze policies for global warming more sys-
tematically and thus to make better political decisions for the future. Just
understanding how different approaches and versions of a policy can play out
can be enormously helpful. This trend is of great interest as the decisions to be
made are influenced by more and more constraints and interferences, making
it difficult for legislating governments or associations to keep track of them. A
good example of this and the possible impact is described in the paper [27],
where it was shown that with carbon prices in various amounts, land consump-
tion and CO2 emissions could be greatly reduced despite the rising net income of
the simulated farmers. However, there are also limits to the described approach.
ML is merely a tool that provides a data-based and hopefully near-optimal basis
for decision-making (Pareto-optimal). How this basis is dealt with, whether it
is observed or not, remains up to the politicians, which can greatly reduce the
influence of the trend described and is a factor of uncertainty. No matter how
rational a decision seems to be, this unfortunately does not mean that it will
always be taken.

7.2.4 Serious Games for Climate Education

Serious games, or games used for purposes other than mere entertainment, are
nowadays applied to a broad spectrum of areas, including military, government,
educational, corporate, or healthcare [33]. As opposed to traditional learning
methods, serious games enable their players to learn through first-hand expe-
riences – and thereby target affective outcomes like motivation, attitudes, and
values. They allow for visioning, experiencing the consequences of actions and
taking on various roles and perspectives, which makes them particularly apt for
climate change education [34].
A major difficulty in communicating climate change is the high complexity of
the global atmospheric systems involved. Climate games manage to bring this
complexity to a hands-on level by providing a safe environment to explore dif-
ferent actions and decisions. They are used to teach climate change mitigation,
adaptation, or climate science in general and can be adjusted to a variety of tar-
get audiences, ranging from children to policymakers [35]. Serious games present
various opportunities for data science and machine learning (ML), including the
creation of engaging visualizations [36], realistic non-player characters (NPCs)
[37], inference engines generating new knowledge, or game decision support sys-
tems recommending user actions considering the current status of the game
[33].
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Facts

• Serious games have experienced a continuous rise in popularity: since
2011, over 62,000 publications containing the key word “serious games”
have been made made until 2018, numbers increasing each year [35].

• Global market revenue based on serious games is expected to grow from
USD 3.5 billion in 2018 to 24 billion in 2024 [38].

• The first serious games relating to climate change date back to the 1980s
and began as board games modeling increases in atmospheric CO2 levels
[34]. Since then, climate change games have evolved greatly in techni-
cal sophistication: today’s trends include blending digital and real-world
elements and incorporating social networking [34].

• Examples for state-of-the-art climate games are ”Mission 1.5” developed
by the United Nations Development Programme (UNDP) [39], ”Climate
Kids” developed by NASA for upper-elementary-aged children [40], or
”SIM4NEXUS”, a Horizon2020 project targeted specifically towards indi-
viduals in decision-making and decision-influencing positions [33].

Key Drivers

• The number of people playing video games has been on a constant rise
and reached 2.69 billion gamers globally in 2020, which makes up over one
third of the world population [41]. As a result, gamers represent a large
potential audience for raising awareness and promoting engagement with
regards to climate change.

• Progress in visualization and interaction hardware devices and software
systems enables the development of increasingly advanced serious games
using, for instance, augmented and virtual reality (AR/VR) techniques or
artificial intelligence (AI) [37].

• The German government has proposed a digitalization strategy aiming to
provide Germany with high-speed net until 2025 and to bring AI research
and application in Germany to a globally leading level [42]. Both strategies
encourage the development and usage of more numerous and technically
sophisticated serious games.

Challenges

• Balancing complexity and simplification of climate-related phenomena, as
well as the degrees of reality and fun elements, is crucial for the success
and impact of climate games. However, achieving the right balance is
often challenging [43].
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• While evidence exists for the positive short-term impact of climate games
on the players’ attitudes towards climate change [44], research on long-
term behavioral changes remain inconclusive. Conducting comprehensive
studies in this regard therefore remains a challenge for future research [34].

• Using realistic visualizations in serious games to influence people’s values
and opinions raises ethical dilemmas, which must be considered carefully
prior to commercialization of a climate game [45].

Impact

Despite posing serious challenges, serious games present a great opportunity
to raise public awareness, understanding and engagement regarding climate
change. With the key ability to foster motivation and empathy towards cli-
mate issues, serious games are crucial to shaping a new culture of responsibility
and action in the fight against global warming. Technological advances enable
the development of yet more engaging and diverse games, and thereby the ex-
pansion to a larger number of target audiences and sustainability topics. ML
in particular can be applied in a variety of ways to increase the effectiveness of
serious games and, ultimately, their impact on climate-related decision-making.

7.3 Conclusion

This report highlights the importance of addressing the climate change impacts
in the decision-making process for different target groups of people or insti-
tutions. We presented different trends in the context of data driven decision
making, summarized our research and selected trends on the levels of impact
and uncertainty in the following driver matrix (see Figure 7.3). First, we in-
vestigated how AI can help individuals reduce CO2 emissions related to their
behaviour. Even if the total impact is not too high compared to other interven-
tions, it is a direct way for every person to take action. While it is probable that
personalization will be used in the future, it is unclear if it will be utilized for
nudging. Machine Learning models can simulate the behavioral characteristics
of individuals, empowering and informing them. Furthermore, the suggested AI
models can provide robust decision-making processes and climate-informed de-
cision analysis for the collectives despite their uncertainty at global level. Their
use highly depends on politics, but if they were used they could have a high
impact on the global CO2 emissions in combination with policy assessment. In
our opinion, the influence of policies designed with the help of AI could be mas-
sive. There is a possibility to achieve the desired effect faster and with more
support in society. It can also lead to more countries participating in large
climate agreements and adhering to the targets. Unfortunately, however, there
is still a great deal of uncertainty surrounding this trend, as the development
of policies is not only rational but often influenced by the input of big interest
groups. In addition, many factors and constraints have to be implemented that
are not yet fully investigated. In addition, we presented a simulation game in



REFERENCES 113

Climate Models

Serious Games

Nudging

Policy Assessment

Low

Impact

High

Low Uncertainty High

Figure 7.3: Driver matrix

a role to experience the individuals how their actions affect the global climate.
Given the continuous rise in popularity, the growing number of gamers and the
increasing importance of digitalization, it is rather certain that serious games
will continue to shape the future of climate-related decision-making, which is
why the trend is positioned rather low on the uncertainty axis. With the key
ability to foster motivation and empathy towards climate issues, serious games
have the potential to strongly impact people’s attitudes towards climate issues
and thus, their decisions, which is why the trend ranks high on the impact axis.
Uncertainty and the possible risks can be a topic on the future work for the re-
searchers. However, the research in this field provides an evidence how Machine
Learning can contribute for better future decision making regarding effective
adaptation and mitigation measures.
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Chapter 8

Data Science for Animals

Elser, Sarah
Khomich, Maria

Abstract

This trend report is analyzing the state of art research and application of Data
science animals and biodiversity. With the growing influence of climate change
and human impact on other species, the role and necessity of such research are
expanding. The well-being of animals can be classified and forecasted through
observing their daily routines and behavior, and consequently drawing conclu-
sions about their state of health and ecology. Research, on the intersection of
the Ecology, Data science and Electrical engineering domains is often addressing
fundamental questions in animal behaviour and becomes increasingly valuable
in applied conservation settings, like monitoring populations of endangered or
data-deficient species, or monitoring illegal activities in high-risk areas.

Meanwhile, the decline of insects and the resulting decrease in biodiver-
sity is one of the major problems of our time reflected in a looming shortage
of food. At the same time, there is growing interest in the influence of ex-
treme weather conditions on biodiversity. The calculation of accurate carbon
cycles is also of increasing interest, as animals have a greater influence on CO2
storage and release than previously thought. The object of study of current
research is different groups of animals, excluding livestock, lab animals used for
research, or pets. First multiple databases as well as Cornell University Archive
were researched with keywords ”machine learning”, ”artificial intelligence”, ”an-
imal, biodiversity”, ”conservation”, further speakers and their publishing from
academia from the conference “AI for the planet”. In the next stages, research
topics were clustered into groups. The most popular groups are then identified
into the following research trends: interdisciplinary research, seasonal changes
research, and the role of animals in the carbon cycle.
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Figure 8.1: Overview of the main research directions from the analysed papers
in Data science for animals.

8.1 Introduction

Following the EU Green Deal in March 2020, the EU Biodiversity Strategy 2030
sets out several actions to address the main drivers of biodiversity loss from 2021
[1].

These goals are also, from our observations aligned with the current devel-
opment in the research directions:

A necessary basis for this approach are improvements in knowledge, financing
and investment, which are of course interrelated, and a greater respect for nature
in public and corporate decision-making.

The challenges we face today are complex and often concern the interaction
between humans and their environment. When it comes to Data science for
animals, it concerns mainly their interactions within ecosystems, but even these
have changed through centuries of human intervention and are largely unstudied
[2]. The biodiversity has severely decreased over the last years and the number
of endangered species is rising. Climate change is only one of the drivers among
others like degradation of habitat, over-exploitation of soils, introduction of
non-native species and general pollution [3].

Current study considers only papers published after 2010 to have an overview
of the most recent developments of the field. Further, the papers are clustered
based on the main objective. The most popular groups are then identified into
the following trends: Interdisciplinary research, seasonal changes research and
the role of animals in the carbon cycle.

8.2 Trends

There are three different trends presented in the current analysis. On the one
hand, within research, as the increasingly complex topics make interdisciplinary
work indispensable, larger collaborations are made possible by more funding
and more inter-dependencies and synergies are explored. On the other hand,
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seasonal fluctuations and extreme weather conditions continue to increase. The
changing seasons and the associated temperatures also change the behaviour and
occurrence of animals. While some animals manage to adapt to the changing
conditions, others do not. Insects, for example, are very strongly affected and
play a key role in our global system, so their protection is also in the interest
of humans [4]. The third trend is the increased research on the contribution of
animals to CO2 release and storage. Various aspects such as nutrition, habitat
and range of movement play a role here.

8.2.1 Interdisciplinary research

Interdisciplinary collaboration and civic participation in biodiversity projects
are increasing. Different disciplines work with separate concepts, research meth-
ods and ideas, and the collaboration of scientists, engineers, artists and social
scientists, such as the a bio-tagging project [5], or projects involving species
identification, requiring specific domain knowledge can lead to great added value
[6].

However, mutual respect and technical language can be a challenge. Al-
though there are more and more interdisciplinary courses of study in the univer-
sity world, these influences are only slowly becoming established and a common
approach must first be worked out in many areas. These programs are needed to
train truly interdisciplinary scholars in the critical factor of skills and competen-
cies [7]. Civic participation in the ecological investigation is meanwhile gaining
its height, especially crowdfunding projects for species identification, taking ad-
vantage of human observational capacity in combination with Machine learning
[8]. Open research sample libraries with generic recognizers also pawing the way
towards more accessible and green technology [9].

Facts

• The tendency towards interdisciplinarity in the social sciences, natural
sciences and engineering is increasing [10].

• Interdisciplinary papers get cited more and have more impact after ap-
proximately ten years [10].

• There are more papers currently published which mention ”interdisci-
plinary” in their title [10].

• Not all natural sciences are equally suitable for interdisciplinary projects.
Biology, and more specifically behavioural studies, is one of them. [10].

Key Drivers

• Humans feel a connection to nature, and therefore perceive it as something
worth protecting and loving. This relationship can be illustrated with
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Figure 8.2: Overview of citations of interdisciplinary work on the topic of Data
science for animals. Papers with ”interdisciplinary” in the title get cited less in
the first few years but after several years they get cited more in comparison to
other papers.

different concepts and describes the innate need to be close to nature,
plants and animals [11].

• In order to address global scientific challenges, the joint participation of
researchers from different disciplines is necessary. These range from social
sciences to life sciences to newer research fields on environment and climate
[7].

• It is much easier to collect and store data in a way that they are qualita-
tively similar and can be read quantitatively to gain new insights. Open
access libraries offer this data to everyone and make research more acces-
sible.

• Concepts such as the Methodology for Interdisciplinary Research (MIR)
have been developed to support interdisciplinary projects. MIR is sup-
posed to give an idea how to overcome challenges and help with interdis-
ciplinary research and communication. It provides guidance for designing
an interdisciplinary education program or for approaching and outlining
a research project [7].

• Social media offers opportunities for spatial, content and network analysis
and are therefore increasingly used for science. This is also true for natural
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science, which uses many social media platforms that offer API access for
non-commercial purposes [12].

”Most interdisciplinary research centers have a tendency to become a nexus
of loosely connected individuals searching for intersections, as opposed to cohe-
sive groups tackling well-defined problems” [13].

Challenges

• Interdisciplinary projects are more expensive, they take longer, need more
flexibility and are larger in size [14]. Due to the increased duration and
the sometimes very particular specialization of the researchers, interdisci-
plinary projects are expensive. Thus, finding donors is not eternally easy
and crucial projects have to be modified or do not even come to fruition.
An example to this would be the African lion, a wild mammal that has
been researched from many different disciplines during the last fifty years.
It took about twelve years to obtain an adequate sample size for behavioral
research of these animals [15].

• Highly specialized people are required to evaluate these projects, but also
mediators with a broad understanding of various disciplines can be bene-
ficial [7]. This makes it a challenge to form functioning teams that cover
all essential disciplines. Within the project, it can also happen that some
areas turn out to be redundant and other research results have to be in-
cluded.

• Social sciences and natural sciences invoke different paradigms and epis-
temologies. It is essential to distinguish whether theories are based on
logical empiricism or on constructivism. These differences lead to very
different concepts and ways of working, and above all to different verifia-
bility of findings [7]. Misconception or prejudices about another discipline
can be a great challenge [16].

• The skills and competencies of the scientists involved have a major impact
on whether the interdisciplinary project can bear fruit, and also how the
projects are designed and organised [7].

• The institutional context of the research also influences the success of the
collaboration [7]. Some organisations, for example the Association des
États Généraux des Étudiants de l’Europe, took interdisciplinary work
in account and chose their structures within their organisations accord-
ingly to support and enhance interdisciplinarity in higher education, like
increased research and successful study degrees [17].

• Despite a rapid technology integration, there prevails a lack of best-practice
guidelines for researchers hoping to deploy certain technologies in the field
to address particular questions [18].
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• Due to the newness of the environmental research field there are not many
journals with a good scientific reputation that are well respected among
universities and scientists [19].

All these challenges make this research very dependent on the general interest
within the field and make the research a supplicant rather than a pathfinder.

Impact

The climate and ecosystems as parts of our world are difficult to describe from a
single perspective. Interdisciplinarity allows recognising new inter-dependencies
and complex relationships that provide new insights. Work on complex issues
is becoming increasingly interdisciplinary and demands active participation of
diverse research stakeholders.

Overall, the possibilities in this area have expanded enormously through
new spatial technologies like remote-sensing satellites which leads to advances
in various disciplines. These technologies make it for example possible to track
and analyse animals’ movement and behaviour which leads to new interdisci-
plinary research fields like animal bio-telemetry and movement technology [2].
Above all, data collection and deployment of technologies are at the forefront
of research. Especially given climate change, it is essential to work together
across disciplines to find solutions to disasters that occur, to protect lives and
to minimise or, if possible, prevent their impact.

8.2.2 Seasonal changes research

The far-reaching changes in climate and weather conditions are not yet actively
targeted in the research, but growing interest in it is expected [20]. Seasonal
changes include effects of climate change on the seasonal deviations compared to
historical data and land-use change on wild population [21] and affect ecosystems
at multiple scales.

Facts

• The seasonal timing of recurring biological events is a fundamental ele-
ment of relationships in ecology, as well as an essential indicator of species
responses to climate change [20].

• Differential shifts among interacting organisms could drive population de-
clines through reduced productivity, increased predation or competition
[20].

• Significant weather variability in the near term shows the importance of
managing risks to food security [22].
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Figure 8.3: Number of papers, published in passive acoustic applications for
animals and biodiversity research. 84 papers were selected randomly, based
on the search with keyword combinations: ”passive acoustic”, ”environment”,
”animal monitoring”, ”ecology” for years from 2010-2020.

Key Drivers

• Considerations of human health as extreme weather patterns create an
ecological and social environment in which many infectious diseases of
humans and other animals occur [23].

• Considerations of economical and natural disasters as extreme weather
events may destroy habitats and food systems, forcing animals to migrate
to new geographical locations, transmitting dangerous organisms [24].

• Availability of cheaper sensory network elements for collecting the spatial-
temporal data at scales, including visual sensors recording images of ani-
mals that move across their field of view [21], as well as automated animal
call recognition from the environmental recordings [9].

• Availability of smaller monitoring devices with GPS, time-lapse cameras
and small control units to attract, classify and collect seasonal data about
smaller insects [25], [26].

• The recent boom in passive acoustic monitoring (bioacoustic) sensors
has offered an effective, non-intrusive and taxonomically broad means
of studying wildlife populations, bio variation and biodiversity [27], [28].
Although Passive acoustic sensors were first utilised underwater during
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World War I [18], since the millennium, their utility for ecological ap-
plications is employed to maintain a vast amount of analysis, including
occupancy analysis, temporal abundance trends and activity patterns.

Challenges

• Collecting data on human-nature interaction is time-consuming and re-
quires more resources than are normally obtainable.

• Tracking and monitoring behavioral changes of certain endangered animals
is challenging to study and most monitoring methods are labour intensive
and have a low efficiency [26].

• Certain technological challenges are also taking place, including typical
challenges faced by camera trapping data, including cases where the ani-
mal [21].

Impact

Seasonal changes research, as well prediction of climate and weather-related
disasters, helps to predict certain economic parameters, as well as demand in
certain locations for certain products and fertilizers. Investigating ecological
correlates of diversity and indicators of diversity in a single geographic area
provides a better understanding of general patterns across groups. Different
environmental conditions, especially precipitation [29], predict well the structure
of species richness and diversity.

Currently, for example, agriculture and logging are pervasive in the tropics
hunting and trapping is the most geographically widespread threat to mammals
and birds [30], research in this area can help to craft better risk mitigation
strategies for different scenarios.

As some of the use cases for Data science for animals might not require state-
of-the-art model accuracy but effective and intelligent process management, the
increased usage of small devices is of particular interest. Such devices allow
the model to be fast enough to process examples in real-time. Using Machine
Learning on small devices – Internet of Things (IoT) devices, for example, - could
benefit from different perspectives. Not only can it collect a big amount of data,
but also have sufficient power to analyze these collected data and extract useful
information from huge data sets. Moreover, it has the advantage of latency, as
the data can be processed directly on the device. Another valuable addition
here could be data privacy since the local data again will be processed locally.
Although the model, which could work on the IoT device should be fast, more
can be processed. And since all the work is done on the device the most power-
hungry process - communication - is not needed.
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Figure 8.4: Research of animals and the carbon cycles are very current and
originate from research of rewilding and conservation.

8.2.3 Role of animals in the carbon cycle

Wild animals have a bigger influence on carbon cycles than previously thought.
Many are familiar with the Methane production by cows [31] but they are not the
only species that influence the climate. Animals move huge amounts of carbon
through their migration and feeding habits, and some key species have a major
impact on ecosystems. With the increase in technical capabilities and Data
science, these connections can be better explored. This can also be observed in
the graph below. With the addition of technology, new fields of research have
formed, as explained above, from fields that have existed for some time. For
example, the impact of animals can also be brought into the carbon cycle.

Facts

• Animals such as lions or elephants roam widely across landscapes, creating
spatial dynamics that affect soil mixing and determine and change soil
carbon storage [32].

• Animals can influence biophysical conditions such as temperature by de-
stroying vegetation or trampling [33].
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• The food webs form complex top-down and bottom-up relationships be-
tween producers, consumers, and decomposers. The interdependencies be-
tween these three types are rather complex and their interactions are fun-
damentally nonlinear [34]. For example, the multi- and interdisciplinary
interactions between prey and predators are a key mechanism for explain-
ing the evolution of organisms in their ecosystems, controlling ecosystem
functions like energy flow and the biogeochemical cycle [3].

• Animals influence their ecosystem also through their eating habits. In-
sects play a key role in pollinating about 80 per cent of the world’s plants,
contributing to diversity and CO2 conversion [35]. Frugivores for exam-
ple help with the biodiversity of plants when they excrete plant seeds.
Herbivores feed on plants that otherwise bind Co2 with the help of photo-
synthesis [36]. Predators interact with herbivores and can cause a reverse
effect. These eating patterns of animals influence the spatial patterning
of vegetation which in return has an impact on the biomass and carbon
uptake of their surroundings [37].

Key Drivers

• To meet the challenges of climate change accurate calculations of biomass
carbon should be done. They are essential to extend existing models of
the carbon cycle to test their accuracy, as play a key role in predicting
global changes in biogeochemical functions [32].

• Together with the seasonal changes research trend, this trend key drivers
include quantitative insights with new technologies like, biotagging, com-
puter vision models that can recognize animal patterns [38], and remote
sensing make it possible to follow animals from a far and understand land-
scapes better.

• Dynamic food-web models can be calculated to portray prey predator
interactions and to understand animal behaviour better [3].

• Reports such as the IPCC report [39] highlight the importance of this.
As the EU and other countries are willing to invest much more money in
scientific projects, the pressure for knowledge and the economic value in
these projects and questions is high.

• The reliance of food on agriculture, which is significantly influenced by
animals and plants diseases [40].

• The influence of the civil participation trend, allowing spatial and tem-
poral perspective analysis to reveal hotspots and areas with pressure on
biodiversity [12], [8].
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Figure 8.5: An overview of interactions and interdependencies of animals and
how technology is able to track them.

Challenges

• There is a lack of data regarding animal’s behaviour, topography, habitat
structures, spatial arrangement of habitat patches and habitat connectiv-
ity within and among ecosystems across landscapes [41].

• Until know there is only limited ability to detect and quantify animal
biomass and animal effects [42].

• Many interdependencies due to food chain and behaviorism are unclear
[3].

Impact

The deeper understanding of the roles that animals play within their ecosystem
also opens up the possibility to calculate carbon cycle models more accurately.
With the latest IPCC report [39] estimating that 1.5 degrees will be reached by
2030, it is even more fundamental to change our interactions with the environ-
ment and wildlife. Animals not only suffer from climate change, they also play
a crucial role in its ecosystems and carbon cycles. In addition, there are many
other impacts on our society, including changing landscapes and land use, issues
of biodiversity loss, deteriorating food safety and the use of chemicals [40]. A
single animal may not trigger an entire typhoon with a single wing movement,
but its contribution to our climate should not be overlooked.
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8.3 Conclusion

Data science has an enormous opportunity to support animal conservation and
biodiversity research and some positive shifts are presented in this area. Few
researchers have addressed the problem of seasonal changes and their influence
on animal health and migration behaviour, giving both: high impact, as well
medium uncertainly. Two other trends, presented in the current analysis are
closely coupled with each other, as they all are influenced by global environ-
mental and technological trends, such as huge volumes of accessible data [43],
globalization, connectivity and knowledge culture [44].

Animals not only suffer from climate change, but they also play important
roles in their ecosystems and carbon cycles. At the moment these roles are
not researched well enough to simulate accurate carbon cycle models. A single
animal may not immediately trigger an entire typhon with one movement of its
wings, but their contribution to our climate should not be overlooked.

Pop culture is actively working on public involvement in biodiversity topics
in order to shape consumer behavior and consciousness by movies like – ”Sea-
spiracy” [45], ”Cowspiracy”. These movies, while shocking to the general public,
also triggered a lot of discussions in scientific communities – from discussions
on food sustainability [46].

We see how pop culture is affecting research, and it is disappointing to wit-
ness, however, how low is the influence of the research on business. While risks
from biodiversity loss are looming, less than one quarter of “at risk” companies
worldwide report on their influence on biodiversity, with mining being the only
“at risk” sector in which a majority of companies report risks from biodiversity
loss [kpmg2020time].

Currently, only 5 percent of Climate Tech start-ups in the EU are working on
the biodiversity topic [47]. While this percentage is incredibly small, there is also
an opportunity. With the other sectors of climate deal being more represented
by already big and competitive tech start-ups and players. biodiversity together
with sustainable finance is still an open niche. Meanwhile, a pool of capital
is increasingly flowing to environment-focused companies creating even more
incentive to develop in this direction.
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Figure 8.6: Figure 5: Trends matrix with x-axis describing the level of uncer-
tainty of a trend and y-axis describing the impact level, where trend 1 - inter-
disciplinarity trend, trend 2 - seasonal changes trend, trend 3 - role of animals
in the carbon cycle trend.
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Abstract

Agriculture and forestry are significant for the sustainability of human life on
earth. Agriculture refers to protecting the global human population with crop
plants that provide food and other products. Considering the increase in the
world population, we need to reduce costs and increase productivity in agricul-
ture to provide enough food for people. We need forests to survive and for many
fundamental raw materials we use. Forests provide a habitat for animals and a
livelihood for humans. It also prevents climate change.

Agriculture and forestry are complex businesses aiming to maximize yields
by optimizing various variables. Data obtained from forests and agricultural
lands through different advanced technologies will play a key role in optimizing
forestry and agriculture.

The article analyzes trends in technologies for optimizing agriculture and forestry,
incorporates data science to improve forestry and agriculture, and estimates fu-
ture trends.
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9.1 Introduction

Agriculture and forestry are key drivers of climate change. We need to optimize
farming and build smart forestry to protect forests and benefit from them to
tackle climate change. In recent years, the most promising approach seems to be
data-driven agriculture. The aim is to collect a large amount of data from farms
and forests and optimize farming and applications if forestry using obtained
data. The technology-driven approach shows some significant advantages, such
as saving money and efficient work, increasing production or reducing costs with
the least effort, and producing quality food with more environmentally friendly
practices. Moreover, current agriculture is an information-based farming system
that increases farm production efficiency, productivity, and profitability in the
long run.

To benefit from data science in agriculture and forestry, producers must use sys-
tems that generate data on their farms. This data can be obtained by devices
such as the Insitu sensor, which supports continuous, real-time monitoring of
forest conditions. While doing these, it aims to minimize the negative impacts
on the environment. In addition, it prevents misuse of resources and the pollu-
tion of the domain. That will help farmers to decide strategic and operational
decisions properly. Traditionally, farmers have gone to the fields to check their
crops’ status and make decisions by observation. This approach is no longer
sustainable, as some areas are too large to be efficiently managed according to
people’s efficiency, sustainability, and availability.

The Internet of Things (IoT) refers to the cohesive use of sensors and other
devices in an agricultural context. The IoT turns every farming-related item
and action into data. IoT technologies are one of the reasons agriculture can
generate such a large amount of valuable information. With the increase of
obtained data and the IoT, the amount of data in agriculture increases at an
extraordinary rate. Thus, agriculture has become another focus of big data
research. Big data technologies can be applied to solve storage and analytic
problems of a large amount of data. Big data also offers new methods and ideas
for agricultural research and business development.

This report will briefly describe the latest research and studies of some tech-
nologies in smart forestry and agriculture. The article consists of four trends
about the technologies used to optimize agriculture and forestry. Finally, the
challenges and improvements of data science in forestry and agriculture are
analyzed, and the future development trends are estimated.

9.2 Trends

While examining the impact of data science on agriculture and forestry, the
most important and promising trends can vary in many different fields of study.
IoT in agriculture, big data and smart farming, hardware specializations, em-
bedded system tools are the most epoch-making approaches. In order to meet
the ever-increasing demand for food, production efficiency should be increased
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Figure 9.1: Field data collection from sensors that acquire data in microcon-
trollers (1) connected to, e.g., autonomous supply of energy (2) and send the
data through GSM/Ethernet technologies (3) to a local server (4).

by automation and other technologies in data science. This report aims to
demonstrate some of the important trends of data science in agriculture and
forestry.

9.2.1 Sensor-supported forestry management

The massive increase in food demand has made forecasting necessary because
of forestry’s potential to store and capture carbon dioxide; sustainable forestry
management will significantly mitigate climate change. This emerging branch
of forestry management is what we call climate smart forestry. Of course, it
relies on much higher data requirements than traditional forestry. New devices
like situ sensors that support continuous monitoring of forest conditions in real-
time can meet these data requirements. See the data collection and wireless
data transmission example in Figure 9.1 [1].

Facts

• According to the Kyoto Protocol (KP), Carbon sequestration in terrestrial
sinks can be used to offset greenhouse gas emissions. Currently, European
forests absorb 7 to 12% of European emissions with agricultural land being
a source and forests a sink of CO2 [2].

• In July 2016, the European Commission (EC) published a legislative pro-
posal for incorporating greenhouse gas emissions and removals due to Land
Use, Land Use Change and Forestry (LULUCF) into its 2030 Climate and
Energy Framework. The Climate and Energy Framework aims at a to-
tal emission reduction of 40% by 2030 for all sectors together as part of
the Paris Agreement [3]. Through Climate smart forestry EU has the
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potential to achieve an additional combined mitigation impact of 441 Mt
CO2/year by 2050 [4].

• As technology evolves, the sensors available for forestry and agriculture
are becoming more precise and cheaper, and the transmission methods are
faster and more widespread [5].

• New generation of increasingly reliable sensors and data transmission and
processing tools makes climate smart forestry steadily more possible. In
addition, the mounting of sensors on forest machinery provide new avenues
for collecting monitoring data [1].

Key Drivers

• These new sensors make data available in near real time, and multiple
stakeholders can easily access the data. Older manual inspections do not
provide accurate and varied data, making it difficult to achieve environ-
mentally intelligent forestry. Sensor-supported forestry management al-
lows people to optimize forestry management more efficiently, making it
more sustainable and climate smart.

• Increasing the spatial and temporal scales of the monitoring. 3D forestry
models can be built to monitor and link forestry resources from multiple
perspectives, which allows quicker and more objective access to data, and
restructuring of forestry to be more environmentally friendly.

• On-site sensor data is a good supplement to the remotely sensed data.
Airborne and UAV (unmanned aerial vehicle) sensors have limitations that
make it difficult to provide detailed information for some applications in
real time.

Challenges

• The large area coverage of the Global System for Mobile Communications
these days makes data transmission easier. However, the distance of the
communication towers can still cause difficulties for implementation.

• Large amounts of data from sensors need to be stored and processed. It’s
still a common challenge in many areas.

• The Sensors can cover large areas, but The distance in large ecosystems
is still a problem. How to set the number of sensors and the distance
between them can significantly affect the reliability and stability of the
data, There are many uncertainties in the natural world.

• Even with solar panels and lithium-ion batteries, long-term energy supply
can be difficulties, for example in some forests with closed canopies.
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Impact

Forests play a significant and beneficial role in mitigating climate change. At
the same time, climate change has also been identified as the main driving force
for changes in forest productivity. Therefore, changes in the forest can reflect
climate changes to a large extent. The impacts of sensor-supported forestry
management are apparent. As soon as possible, we can receive timely infor-
mation on forests and take relevant measures to prevent forest disasters, such
as forest fires and forest pests. Besides, forest productivity (such as Oxygen
production/Carbon dioxide absorption, wood production, and so on) can be in-
creased through forest management. In addition, we can obtain statistical data
such as the number and types of vegetation in the forest to protect the diversity
of vegetation easily. In summary, sensor-supported forestry management is a
very significant research trend in the next few decades.

9.2.2 Embedded systems in agriculture

The massive increase in food demand has made forecasting necessary in agri-
cultural management practices. Precision farming can significantly reduce the
amount of fertilizer, herbicide, or seed rates while increasing the yield of crops.
Through precision farming, real-time data on soil, temperature, and moisture
are collected and processed by sensors placed throughout the farming field. This
data can be analyzed to help farmers make the best choices about planting, fer-
tilizing, and harvesting their crops. Precision livestock farming, for example,
utilizes sensors, microphones, embedded systems to monitor animal activity, de-
tect disease, improve health and welfare or production/reproduction. However,
this technology requires an extensive IT infrastructure and the intervention of
many professionals, so it is mainly dominated by megacorporations and increases
their revenues even further. Therefore, a smaller but powerful embedded sys-
tem is required. Smaller farmers or farms could use this system in areas without
WiFi networks to reduce costs and increase yields.

Facts

• In 2019 farmers have saved up to 8,700 Eur per year [6] and reduced green-
house gases by 10% by using smart farming technologies like embedded
systems.

• In Europe alone, between 70% and 80% of farming equipment being sold
is incorporating precision agriculture technology in some way [7].

• In order to access and predict plant growth dynamics, an RNN model using
the LSTM architecture was implemented on a Raspberry Pi 3 model B
and lasted for up to 180 days on battery [8].

• By creating an Ad Hoc wireless sensor network, small and low energy
consuming embedded systems can easily be configured to communicate
with each other over large areas of land [9].
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Figure 9.2: Features Comparison of laptop and Raspberry Pi [10]

• A low-power embedded system can also run artificial intelligence algo-
rithms with complex structures, such as CNNs. Embedded systems also
have high mobility compared to desktop computers and laptops [10].

Key Drivers

• Embedded systems often contain a sensor module that collects relevant
information such as soil humidity and temperature in real time and will
autonomously upload the data via Bluetooth communication. This elimi-
nates the need for expensive and large IT infrastructure or WiFi connec-
tion.

• The embedded system with an external Graphics Processing Unit (GPU)
can collect and analyze large amounts of data in real time by using machine
learning algorithms such as CNN, so it is not necessary to save the data
in large storage devices. The implementation of such real-time embedded
systems decreases cost and increases efficiency.

• Some embedded systems use only the Raspberry Pi for computing, which
could be powered by a battery. The use of such low-power embedded sys-
tems in large-scale agricultural production can significantly reduce costs
and energy consumption. Figure 9.2 shows the advantages of the Rasp-
berry Pi compared to a normal computer or laptop: lower cost, higher
mobility and lower energy consumption.

• Compared to a normal computer or laptop, the size and shape of the
embedded system device are smaller and more portable. This improves
the mobility of the device in a large-scale agricultural production.
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Challenges

• Wireless sensor networks for data collection are currently being developed
as wired systems have proven to be too expensive and cumbersome to
manage in an agricultural environment [9].

• Some technological constrains still exist. Most notably communication
between sensor nodes and embedded systems without interference, with
low power and at large distances while still remaining cost effective [11].

• The limited RAM and cache memory of some embedded systems leads to
memory overflow which negatively impacts power consumption [8].

• Privacy issues are a challenge by using embedded systems. How to protect
data and prevent data leakage is a huge problem in embedded system.

• During data collection, delays at information transfer due to bad weather
conditions or hardware damage can affect the process of system operation.

• Embedded systems have less computing power than desktop computers
or laptops and will take longer time to run the same algorithms (possibly
more than 10 times longer) [10]. The computational power of the system
limits the number of possible clients.

Impact

The use of machine learning algorithms running on embedded systems, without
involving the transfer of large amounts of data from cloud computing servers,
is a way to help improve agricultural yields. In addition embedded systems
are characterised by low energy consumption and high efficiency. Less energy
consumption can help mitigate climate change. Greater portability and mobility
make it possible to use such embedded systems on a large scale in agriculture,
these systems can be extended and used on mobile platforms e.g. drones. This
could help alleviate food crises and food shortages in the future.

9.2.3 Big data and IoT in agriculture

As the population grows, humankind will need more crops and food to maintain
the circle of life. It is necessary to increase production to feed the growing
world population. The digital transformation of agriculture and information
technology based on big data and IoT plays a crucial role in solving this problem.
Through big data, farmers enable to monitor their agricultural activities and
farm conditions in real-time. Applying big data analytics and IoT agriculture
can significantly benefit and use the land to create more agricultural value.
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Facts

• Big data in agriculture relies on utilizing information, technology, and
analytics to create valuable data that farmers can utilize to monitor agri-
cultural activities and farm conditions. It can be studied under two sig-
nificant areas, such as precision agriculture and smart farming.

• Precision Agriculture contains the implementation of automatically con-
trolled agricultural machines, monitoring the yields [12], and various seed
drilling and fertilizer spreading methods. Smart farming is a new, evolv-
ing, and developing concept. Big data applications in farming are not
strictly about primary production but play a significant role in improving
the efficiency of the entire supply chain and business process.

• Big data can solve problems that farmers are faced. Such decisions can
include deciding on the best seed varieties or the most efficient agronomic
practices or which market opportunities to pursue to ensure maximum
productivity. Given the industry’s growing labor shortage, big data an-
alytics capabilities could reduce the need for manual labor, which is a
massive advantage for agriculture [13].

• While increasing the efficiency of usage in resources, IoT also offers mo-
bility and agility. In addition, it reduces the product waste caused by
human-made production and thus provides better quality food and a more
profitable business.

• The main steps of applying IoT technology in agriculture are collecting
data via sensors and intelligent tools [14], as following transmitting the
data with IoT devices to a cloud platform to analyze. Finally, farmers will
examine collected data to visualize and manage the proper operations due
to obtained information.

• Applications of the new technology in agriculture can be listed as green-
house production, environment measurement, sensing local agricultural
parameters, crop monitoring, animal movement monitoring, and data
sharing via cloud computing [15].

• Recent reports declare that the IoT device installation will see an associate
annual growth rate of 20% in the agriculture industry. And the number
of agricultural connected devices will grow from 13 million in 2014 to 225
million by 2024. The global agricultural market size in 2018 is 14.79 billion
dollars, while the predicted market size in 2023 is 28.64 billion dollars [16].

• The most effective and most used sensors in agriculture are electrochemical
sensors that measure pH and soil nutrient levels. Optical sensors use light
to measure soil properties and determines the soil’s clay, organic matter,
and moisture content. Mechanical sensors measure soil compaction or
mechanical resistance, dielectric soil moisture sensors measure moisture
levels in soil, and airflow sensors detect soil air permeability [14].
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• Collected data is transmitted with different communication protocols like
MQTT, TCP, and FTP, which are conveyed to the servers [17]. After the
local computation, the predicted current state is provided as the agricul-
tural services.

Key Drivers

• Big data can be solved by the improvement of software and hardware.
The software should analyze the data and present the results to farmers
in an accessible form. Moreover, improving the analytical capabilities
of machine learning and AI systems is essential to reduce the impact of
software constraints on our data analysis [18]. On the hardware side,
there are a variety of sensors that collect available data. Therefore, the
hardware devices need to continue to evolve to support a large amount of
data information.

• UAV drones for agriculture are built to capture accurate information that
airplanes and satellites can not collect. A drone construction includes
propulsion and navigation systems, GPS, programmable controllers, and
equipment for automated flights [19]. Drones have the functionality of crop
monitoring, crop spraying, fighting infections, and seeding the deforested
areas.

• An IoT sensor can be utilized, which gives real-time information about
the insects on plants and the health of the crops. These sensors are able
to capture images of pests the naked eye can not see [20].

• With data collection, crop storage will have new storage management
because the data consists of information from last year’s products and
storage capability [21]. Classifying the data provides insurance to farmers,
while IoT devices support better farm management.

Challenges

• Collecting and managing big data is expensive due to the amount and
variability of data. On the one hand, algorithms that mine small amounts
of data cannot be directly applied to big data. Big data in agriculture
has its particularity. In many cases, algorithms need to strike a balance
between timeliness and accuracy of processing.

• The obstacles of IoT in agriculture can be listed such as the massive data
analysis, cost of expensive hardware components, poor internet connec-
tivity, which may cause complexity in IoT applications [22].

• No field or paddocks, even the plants at your home, are entirely the same;
the obtained characteristics of water, soil, and air quality may alter in
distinct locations.
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Impact

Big Data and IoT are two essential technologies for the development of agri-
culture. As we all know, agriculture is vital to people, and if we can monitor
crops accurately with minimal labor, we can increase crop yields, which is a
benefit to the world. Moreover, it will also boost the market economy. In the
past, farming was achieved with traditional techniques, which include minor
technological applications. In the future, more complete farm services will be
offered by IoT devices and big data, which yield to analyze soil, crop, weed, and
pest variables thanks to customized applications suitable for agriculture and
devices communicating with each other [23]. As farm productivity improves, it
also provides valuable feedback for agricultural decisions. Thus a farm’s quality
can be noticeably improved. Obtained big data also encourages the analysis of
different aspects of information, which is easier to consider essential keys for
agriculture.

9.2.4 Remote Sensing for wild land fire crisis management

Introduction

Recent megafires in Greece, Australia, Brazil, Indonesia, and The United states
have not only devastated ecosystems but also contributed to climate change
via carbon emissions [24]. Thus, finding better ways to deal with this major
environmental issue is of great importance. Recent advancements in machine
learning, computer vision, and remote sensing technologies provide new tools for
detecting and monitoring forest fires, while novel materials and microelectronics
have allowed sensors to be more efficient in recognizing active forest fires.

Key drivers

• Remote sensing technologies provide continuous, dynamic and large-scale
observational data, which further promotes the research and development
of forestry technologies [26].

• Remote sensing is a cost-effective approach to collect data per unit area.
Although the financial expenses of remote sensing can be high at times—for
example, building, launching, and operating satellite remote sensing sys-
tems is costly, making certain imagery expensive—much of it is freely avail-
able. Furthermore, while commercial remote-sensing devices may appear
to be pricey, the data still allows for low-cost assessment on a unit-area
basis [25].

• A new generation of satellite sensors, combined with unmanned aerial
vehicle (UAV) technology, has resulted in a superior synergy of current
and future remote sensing technology, allowing for better monitoring of
the extent and frequency of forest fires [27].
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Figure 9.3: Common Remote-Sensing Platform and Sensor Combinations and
Remote-Sensing Data [25]

• Nanomaterials and microelectronics advancements have lately enabled the
use of tiny low-Earth-orbiting satellites known as CubeSats. In terms of
smoke and fire detection, CubeSats have major advantages over tradi-
tional satellites, as they are more cost-effective and have better temporal
resolution/response time [28].

Facts

• Wildfires ravaged 150 to 250 million hectares of tropical forests every year.
Human activities are responsible for 90% to 95% of all such fires [29].

• According to studies on the environmental implications of tropical wild-
fires, biomass burning results in substantial carbon emissions, large amounts
of trace gases and aerosol particles, and black carbon release of over 100
million tons of smoke aerosols into the atmosphere [29].

• While forest fires can contribute to climate change through carbon emis-
sions, an increase in temperature due to climate change can also trigger
forest fires [27].

Challenges

• A Weak visual interpretation, which cannot distinguish between burned
and unburned trees. A proper classification method is needed, which might
aid in estimating damaged areas and developing a recovery strategy [30].
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• Achieving the required high temporal resolution for wildfire detection and
necessitating near-real-time monitoring. The present low temporal reso-
lution makes then the detection of fire not as near real-time as possible
and leads to an inevitable lag in the dissemination and depiction of data
[31].

• Detection of smoke plumes generated by fire emission: Image processing
services do have significant drawbacks such as the lack of prediction of the
incident plus some biasing factors like the propagation of smoke is safe
and non reached areas. Moreover, smoke is undetectable at night, making
the image processing requirements for smoke plume decomposition effort
demanding and slow. [32]

• False fire detection due to contextual and thresholding contextual algo-
rithms, high-frequency fluctuations in the fire front, errors in image geo-
referencing, and environmental components such as clouds and water. [33]
[34]

• Hardware issues such as the saturation of the mid-infrared channels of
satellite sensors at fairly low temperatures. Furthermore, we have battery
life-related issues for UAVs and drones, which is currently an intriguing
factor for spatially extensive applications.

• The inclusion of clouds is a prevalent trigger of false alarms in the above-
mentioned fire detection algorithms. Clouds typically have cool tops, lead-
ing to a low brightness temperature. As a corollary, fires below these
clouds are not recognized, since temperatures at the top of the sky can-
not detect them. That would have a bearing on the analysis, and the
algorithm will produce skewed results.

• CubeSats limitations: short-term performance with respect to pointing
accuracy and stability. Long term performance including ADCs compo-
nent robustness and system efficiency after being in orbit for certain period
without maintenance [35].

• In the software domain, there is a crucial underestimated data crisis. Data
might become incomplete, old, or incorrect, making the results erroneous.
Several recent studies have shown that moderate-resolution burned-area
products are not able to adequately map the occurrence of small fires due
to biased data. [36]

Impact

Investing in such a promising sector as remote sensing will only be but bene-
ficial to societal, financial, ecological, and technological sectors. First, it will
help us foresee one of the predominant climate change responses since there is
a correlation between temperature rise and fire regimes.
Furthermore, forests present a complex ecosystem with societal and ecological
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Trend (2)
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Low

Impact
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Low Uncertainty High

Figure 9.4: Driver matrix

benefits. Mastering their preservation and predicting devastating wildfires can
improve sustainable and multi-functional forest management. Relying on RS
technologies is not only beneficial in preventing wildfires, but can help deter-
mine the extent of forest stand damage, ascertain the ecosystem’s potential to
regenerate naturally after a fire, aid in the organization of reclamation interven-
tions, determine the dynamics of natural recovery, and decide the future of any
eventual restoration intervention. A further impact of fire risk management is
to prevent as much as possible the release of carbon into the atmosphere consid-
ering forests as huge carbon sponges. For humans, this is also a relief especially
for firefighters, who are risking their lives each time without a strategic road
map and sacrificing their lives to save others. Huge material casualties can be
avoided which strengthens our hope and preserves fire fighting departments. Fi-
nally, I would insist on the indirect but predominant impact of remote sensing
on a scientific and technological level. Imaging, Big Data, Machine learning,
hardware development, and computer vision could be taken to a whole other
level since their combination presents an opportunity to work in a reach scien-
tific environment where several issues are tackles from data storage, to optical
optimization and cloud computing.

9.3 Conclusion

In this report we wanted to introduce you to Data Science in Forestry and
Agriculure. We tried to accomplish that by going through four different trends.
First starting with the Sensor-Supported (climate smart) forestry management
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9.2.1, then going through embedded system in agriculture 9.2.2, afterwards di-
cuss big data and IoT in agriclutre 9.2.3 and lastly talk about remote sensing
operational systems for wild land fire crisis9.2.4. Every trend is going through
Introduction, Key drivers, Facts, Challenges and Impact. The importance of
each trend is dependend on which aspect you consider the most important. It
is highly debateable and depending on other factors, but we tried to lay out the
trend in a grid divided by uncertainty and impact. The trends in Figure 9.4 are
sorted by chronological order, as they appear in the report, so trend 1 correlates
with 9.2.1, trend 2 with 9.2.2, trend 3 with 9.2.3 and trend 4 with 9.2.4. As you
can see in Figure 9.4 the trend are spread out in impact and uncertainty, but
they tend to have high impact with a low uncertainty. The research so far is
interesting and promising for the future, but there is much left to be researched,
which can have a high impact on our life and enviroment.
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