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Navigation in three-dimensional ecosystem models
RASMUS LINDGREN

SIMON OLSSON

Department of Computer Science and Engineering
Chalmers University of Technology

Abstract

As the area of deep learning advances, it has become possible to predict and simu-
late areas of the real world in a digital setting. One emerging field is the research
regarding virtual twins. Virtual twins aim to replicate aspects of the real world so
that actions can be analysed digitally without needing physical access to the loca-
tion. This thesis aims to research if it is possible to model reinforcement learning
agents to traverse such three dimensional environments that are based on real world
data.

By using a combination of land-cover data and heightmaps, the ability to generate
three-dimensional environments in the game engine Unity was explored. The agents
were modelled as three-dimensional animals which had the possibility to consume
resources, run and rotate. These agents were trained in one of the aforementioned
generated three-dimensional Unity environments, using a simple image containing
multiple channels to represent the state around it. It was also these channels that
the agents got as their input, essentially acting as their perceptions. Results show
that the agents were able to learn and survive in the environment. Simple population
tests also showed that agents were able to move to new areas to find food if there
were too many agents in close proximity to them, which would lead to depleted
resources. Furthermore, other tests related to the environment were done, such as
how an increase in sea level could impact the environment and the population of
the agents.

Keywords: Navigation, Digital ecosystems, Reinforcement learning, Unity, Satellite
data, Land-cover data.
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Glossary

N

Environment - An environment in the reinforcement learning context is the
world in which an agent exists. It usually contains a set of rules which an
agent must follow, and usually gives negative and positive rewards depending
on what actions the agent takes.

Agent - The machine learning model that is being trained to succeed in the
environment. It has a set of actions it can do which can change the state of
the environment. The agent's goal is to maximise its reward.

Episode - A set of states which start from the initialisation of the agent until
the agent reaches its last state. Currently, the episodes are 3000 steps, during
which the agent has to maximise its reward. However, it doesn't have to be a
set number of steps, in chess for example the last state would be when there
IS a winner or a tie.

Step - A change of state in the environment, that happens after an agent has
taken an action.

View frustum - An area that can be seen by an entity.
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1

Introduction

An ecosystem is generally described as an enclosed geographical area, where living
organisms such as animals and plants work in tandem with the climate and other
aspects of nature to form a self-sustaining circle of life[1]. In the present day, with
climate change and global warming posing major challenges, the ability to study
ecosystems, what a ects them, and how they are a ected, is more important than
ever before. The ability to simulate such ecosystems digitally has gained popular-
ity, mostly thanks to the rapid improvement of real-time computer graphics. These
improvements should hopefully enable the possibility of generating digital models
of real-world locations, to be able to study the real ecosystems that are present in
this location.

In the past, ecosystems have been simulated using mathematical models [2]. This
has proven to be successful, however, with recent breakthroughs in machine learning
and more speci cally reinforcement learning, new opportunities have emerged. With
the help of reinforcement learning, it could become possible to have the ecosystem,
and all its members, learn to exist according to the rules given to them, rather than
by prede ned equations.

1.1 Aim

This thesis aims to investigate if it is possible to represerdgnimal navigation in a
simulated ecosystem, while also exploring the possibility of using satellite data from
a real-world location to create the three-dimensional environment of the ecosystem.

The meaning of animal navigation is to have animals that have the desire to move
towards energy sources, while simultaneously avoiding obstacles such as trees and
bodies of water, just like real animals do. The animals should also be able to move
toward energy sources that might not be in the animals' immediate eld of view,
meaning that they should be smart enough to navigate to areas that have high con-
centrations of food. In other words, the animals in the ecosystem should desirably
have some kind of brain that assists them in deciding where to move next.

The thesis will answer the following questions:
If it is possible to programmatically generate three-dimensional environments
in Unity (see Section 2.1 for further explanation about Unity), based on satel-
lite imagery. Since there is no available metric to decide how realistic an
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1. Introduction

environment might be compared to the real-world location, the criteria for
success will rather be if it can be done or not.

If it is possible to simulate animal behaviour using reinforcement learning in
such three-dimensional environments.

1.2 Delimitations

Due to the extensive possibilities of this project, and the risk of adding more and

more features, several delimitations were made.

There will not be any modelling of buildings or other man-made constructions.

There will be no day and night cycles or other environmental changes, this
could be a possible addition in future versions.

There will be a geographical restriction to the country of Sweden, regarding

which locations can be modelled, the main reason for this is covered in Chapter
3.

The input and action space is limited to what can be found in Unity.

The success of the reinforcement learning model will largely control how real-
istic the animals will be in the three-dimensional environment.

A

1.3 Ecotwin

The Ecotwin project [3] is an open-source ecosystem simulator in the early stages of
development. Currently, it can run simple simulations in small and predetermined
three-dimensional environments. This thesis will build upon the Ecotwin project by
using part of its codebase in the development and hopefully integrate the results of
this thesis into this project. The codebase is kept and maintained through GitLab

[4].
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Theory

A simulated ecosystem can in theory be used to learn about animal behaviour and
to see how changes in the environment impact the native wildlife. For example, a
simulated ecosystem can be used to model a population of sh in an area where
shing is being conducted. Another example would be an ecosystem being used
to monitor populations of species where urbanisation is taking place, e.g. what are
the consequences to the wildlife if a bridge or a building is built in a speci c location.

Simulated ecosystems could also make a great addition to software, such as video
gamesJ[5], where they can act as environments for players to observe and interact
with. If implemented successfully, this could potentially make certain games more
enjoyable, since one can imagine that this type of environment can be richer in
features and details than most typical video game environments. Similarly, this
kind of game could also provide a new feature to the gameplay; the actions that
players perform have consequences for the environment, for instance killing too
many animals of a certain species might lead to the extinction of this species.

2.1 Unity and Three-Dimensional Modelling

A popular tool to model three-dimensional environments is the game engine Unity[6],
which is a real-time rendering application. Unity is widely used to render graph-
ics, and create animations and other visualisations, most notably in the video game
industry. However, it has also started to gain traction within the eld of three-
dimensional simulation, for example simulating the process of vehicle testing, to
reduce the amount of physical testing needed[7].

To achieve an accurate representation of real environments, di erent methods such
as manual modelling and procedural generation are frequently used[8]. However,
manual modelling is too time-consuming while procedural generation is mostly used
to model ctional environments, and is therefore not useful for environments that
are intended to mimic real-world locations.

For a three-dimensional environment, adding trees, water, mud, and landscapes with
heights such as mountains and valleys all add another aspect to consider; a height
value. These objects and landscapes will not only act as obstacles to the animals;
they will also reduce their view frustums. In other words, these obstacles should
in uence what the animals see, and also what decisions they make for their next

5



2. Theory

movements.

2.2 Reinforcement Learning

Reinforcement learning is a subsection of machine learning in which the model, usu-
ally called an agent, has to learn to maximise its cumulative reward in a certain
environment. What di erentiates it from other types of machine learning is that
the data is collected through observations taken from the environment, by the agent,
rather than receiving it from the user. This data is then subsequently used by the
agent to learn. This is convenient since there is no need for large datasets but it
also means that the agent can be very biased towards the data it collects.

A reinforcement learning algorithm is comprised of a set of states, a set of actions,
and a nite reward. The state space and action space is most often discrete, and
thus also nite in size which is the case for this thesis, but can also be continuous,
and thus in nite. For each step in this algorithm, a model takes an action and ob-
serves a reward and a next state. This reward is then used cumulatively over many
steps to teach the model what behaviour is considered good or bad. This behaviour
that the model learns is called the model's policy. An example of a reinforcement
learning loop can be found in Figure 2.1, where an agent performs an action which
impacts the environment, collects observations about the new environment state,
and nally gets its reward.

Figure 2.1: Simple visualisation of the reinforcement learning loop

Earlier work has shown that reinforcement learning can be used to make agents
learn complex behaviour, one example being OpenAlpenAl Five, which was the

6



2. Theory

rst Al team to defeat the world champions in the video game Dota 2[9]. Rein-
forcement learning has also been successfully used to model animal behaviour, one
example being DeepMind showing a ocking behaviour that emerges with animals in

a simulated ecosystem[10]. What was worth noting was that the ocking behaviour
emerged without any input on how the agents should behave, which was di erent
from previous research, which required explicit ocking behaviour to be successful.

Another example of reinforcement learning successfully being implemented for com-
plex behaviour, in Unity, is a publication by Ubisoft[11]. In this study, deep re-
inforcement learning is successfully used to implement NP@avigation in several
complex environments.

2.2.1 Proximal Policy Optimization

Reinforcement learning algorithms have proven to be successful in interacting and
learning, in an environment. By adding a neural network to traditional reinforce-
ment learning algorithms, such as Q-learning, further advanced behaviour can be
learned. However, there is a risk with these deeper reinforcement learning algo-
rithms in that they may nd a local minimum and get stuck there. This can make
an agent drastically change its policy for the worse in the long run.

The proximal policy optimization (PPO)[12, 13] algorithm aims to solve this issue
by clipping the changes between policy iterations, using the clipped surrogate
objective, which can be seen as the loss function. The policy update function[14]
for PPO is de ned as:

k+1 = arg max S_aE [L(s;ia; «; )]s (2.1)

L is the objective function:
|

@9 ) (s:2); oA «(s:) (2.2)

«(as)

s is the state, where a is the action, , (ajs) is the policy for the parameters after
k steps and (ajs) is the new policy. A «(s;a) is the advantage for the policy
after k steps, which can also be expressed @¢s;a) V(s), the di erence between
the Q-value for the state and action, and the value function of the statek is the
expected value, andy is de ned as:

L(s;a; k; )=min

(
 Ya+)a A o0
9C:AY= 1 YA A< o

The objective function L (equation 2.2) sets a limit to how much the policy can
change between steps since the min term chooses the minimum of the reciprocal
of the new and old policies, and the g function, which depends orfboth multiplied
with the advantage function). Therefore, if the old and new policies di er too much,

INPC is an abbreviation for non-player character



2. Theory

the term that depends on will be selected, but if the policy change is within the
chosen limits of the algorithm, the rst term is selected instead.

In practice, this means that if an action should be a lot more probable than pre-
viously, the algorithm will limit this increase in probability. This ensures that the
algorithm is more stable and does not suddenly make big policy changes.

The algorithm has proven to be successful at training advanced reinforcement learn-
ing agents, one example being the previously mentioned OpenAl[9], which used it
as their default reinforcement learning algorithm.

2.2.2 Unity ML-agents Toolkit

A convenient way of training reinforcement learning agents in Unity is to use the
Unity ML-agents toolkit[15]. This toolkit provides an accessible way to gather ob-
servations from the environment, for example in the form of oat observations, ray
cast observations or camera observations, which allow the agents to get images from
the environment as their inputs. Furthermore, it allows for easy use of multiple
reinforcement learning algorithms, one of them being the aforementioned PPO.

The Unity ML-agents toolkit has been used to model di erent complexities of envi-
ronments such as simple discrete tasks where the goal is to move towards an object,
as well as more advanced examples where the agents have to learn to play soccer
against each other[16]. Even more complex environments have been tested where an
agent had to navigate a complex 3D-environment[17]. Although the agent proved
to be worse than human players in this example, it still shows the possibilities of
what could be modelled with the toolkit.

2.2.3 Multi Agent Reinforcement Learning

Multi-agent reinforcement learning is the idea of having multiple agents learn in the
same environment. By introducing multiple agents, the complexity of the learning
can increase signi cantly. An example of this is that the transition between states

is no longer limited to the actions of one agent, but rather a combination of every
agent's actions. In an ecosystem, one example of this would be that a resource was
consumed by another agent, which changed the state without any input from that
speci c agent. Another example would be predators having the prey move around
independently, which means that the state for predators is dynamic even if it stands
still.

The advantage of this idea is as one could imagine; being able to have multiple
agents choosing actions simultaneously. This would help improve the realism of a
digital ecosystem, especially since most ecosystems have many individuals of the
same species present, and many of these species also move in herds, ocks or other
forms of groups.

8



2. Theory

2.2.4 Curriculum Learning

While research shows that reinforcement learning agents have been able to success-
fully learn and excel in di erent environments, they often take a lot of time to train

and it can be unclear how well they generalise to other environments. An example
would be an agent having to die by falling o a cli several times before it realises
that this is a bad action. However, real animals know that falling from heights is
dangerous and will therefore avoid such scenarios, while an agent does not have the
same concept of the world initially, since it only has experiences it has previously
taken. To mitigate this unnecessary behaviour, some ideas have been proposed, one
of them beingcurriculum learning.

Curriculum learning is used to introduce new levels of complexity when the agents
learn how to handle certain problems[18]. This means that, in this project for
example, they rst learn how to consume resources, then how to avoid water, then
how to navigate the terrain at di erent heights, transferring previous knowledge to
the next level. This can be seen as a variant of transfer learning, which is a common
technique in areas such as image recognition and natural language processing. In
these areas, it is common to use pre-trained models, which have been trained on
large data sets or data sets with similar domain, to then ne-tune them to the
speci c area/data set that is being researched[19].

2.3 Reinforcement Learning in Ecosystem Mod-
elling

Previous research involving reinforcement learning and animal behaviour has often
been focused on modelling a single aspect of animal behaviour such as the preda-
tor/prey relationship[20]. While these experiments have been successful in their
modelling of the agents, they have often been modelled in very simple environ-
ments. This often resulted in the agents learning exceedingly well, but it is unclear
how well this would translate into an actual simulation with real nature. Similarly,
some of these papers only consider two-dimensional environments[20, 21, 22], which
further simpli es the problem, and is thus less realistic than a three-dimensional
environment would be.

In a study about population dynamics using reinforcement learning, it was shown
that reinforcement learning was able to simulate a working population dynamic with
both predators and prey, while it also showed the possibility of a large environment
and population[22]. Furthermore, research has shown that predators in a simulated
ecosystem can learn to cooperate while hunting, to sustain themselves [23]. This
research also tested di erent reinforcement learning algorithms, with PPO showing
the most stable results.

Other studies have also evaluated the possibilities of using reinforcement learning to
investigate environmental policy changes. One such study explores a reinforcement

9



2. Theory

learning policy that can properly learn how to optimise fertiliser dosages to min-
imise environmental impact[24]. Another study investigates if reinforcement learning
could help in conservation decisions[25], focusing on over- shing. Although these
examples are limited in execution and very dierent from this project, they still
show the possibilities that are available regarding reinforcement learning modelling
ecological challenges.

2.4 Satellite Data

To construct accurate three-dimensional environments of real-world geographical lo-
cations, satellite images can be a useful resource, especially to see real environmental
changes to an area over time. This also brings another aspect of realism, since the
environment portrays a real-world location rather than a ctive one. By combining
accurate environment modelling with a simulated ecosystem it would theoretically
be possible to show how simulated animals would navigate this terrain.

A famous example of satellite imagery being used to model three-dimensional en-
vironments is the software Google Earth[26]. More recently, satellite imagery has
also been used to model environments in the previously mentioned game engine
Unity[27]. This is quite a novel method and will be the method that is explored in
this thesis, and to what extent it can be used for this purpose.

2.4.1 Heightmap Data

A heightmap is a type of data that usually comes in the form of a regular RGB
image with 8-bit precision, which means that each pixel is in the rang®;2® 1]

= [0; 255 [28]. Each pixel in this range is then used to form the topology of the
environment, where 0 is the lowest possible height and 255 is the highest possible
height in the selected area. Di erent bit-precisions can be used to have more accu-
rate heightmaps, one example would be to use the three individual channels of the
RGB component, which could then represen?56 = 16;777 216 di erent heights.
Nevertheless, for the scope of this thesis, 8-bit precision is expected to be su cient.

A visual example of a heightmap is shown in Figure 2.2. In this gure, it is possible
to distinguish lakes, since they make up the darkest colours of the heightmap, as
well as other elevations like smaller mountains which are more lightly coloured, and
valleys which usually are closer to the grey colour. Note that the grey colour does
not guarantee that there is a valley in that location, as some lakes could also be
grey if they are situated at a higher elevation than other areas in the heightmap.

2.4.2 Land-cover Data

While a heightmap provides the topology of the area, it doesn't have any other in-
formation regarding the area. For this reason, another data source will also be used,

2RGB = Red Green Blue, is a standard colour model

10



2. Theory

Figure 2.2: Heightmap data over an area close to Uddevalla, Sweden.

11
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