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Abstract. The use of natural based algorithms within films, tele-
vision programs and games is becoming increasingly prominent and
keeping the consumers interested and immersed in the world they are
being exposed to is becoming a pre-requisite. This paper proposes
a new method of generating unique structures based upon a simple
hybrid model through the use of A* Path-finding and a swarm intel-
ligence algorithm, Dispersive Flies Optimisation. Every time a struc-
ture is built, this hybrid method generates a unique form which is
non-identical to structures created in different runs. Within the game
industry, these structures could potentially assist providing users with
unique environments presenting different feels, despite staying loyal
to designers’ overall structure.

1 INTRODUCTION

The use of algorithms which take inspiration from the natural world
grows in popularity[3] as the technology and hardware have up-
graded to such a degree where complex algorithms are now acces-
sibly by many. This results in games becoming more realistic, thus
producing more natural environments which aid in immersing the
user into the world that they are being shown[4]. To build on the
existing techniques, new and innovative algorithms are required to
match the expectations of the user and to ensure that more powerful
hardware is being used to its full potential.

This paper proposes a novel hybrid algorithm to help aid in gen-
erating naturally looking, “organic” structures. The two adapted al-
gorithms used in this work will be described in the next section, fol-
lowed by details in which the hybrid algorithm is tasked to create
the “organic” non-identical structures. The rationale behind using
swarm intelligence techniques in such work lies behind their non-
deterministic behaviour, which mounts to the creation of different
structures with every individual run of the system. The choice of
Dispersive Flies Optimisation (DFO) as one such technique is made
due to the fact that DFO, in addition to its simple and minimalistic
structure [2], does not suffer from having several tunable parameters,
therefore paving the way to focus on other areas of interest. Addi-
tionally the outperformance of DFO in comparison with other well-
known optimiser offers an additional reason to utilise DFO (more
details are provided later in this work). Therefore, the this swarm
intelligence technique is coupled with the well established A* tech-
nique which is adapted for the purpose of this work. To the best of
the author’s knowledge, these two algorithms have not been explored
together before.
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2 BACKGROUND

In this section, the two algorithms used in this paper — Dispersive
Flies Optimisation and A* path-finding — are briefly explained. The
use of Dispersive Flies Optimisation within a game/film environment
has not been done before due to the relatively new introduction of the
algorithm. Whilst A* Path-finding is a commonly used path-finding
algorithm in various domains including games, however to the best of
the authors’ knowledge, it has not been adapted in the way described
in this paper.

2.1 DISPERSIVE FLIES OPTIMISATION

Dispersive Flies Optimisation [1] (DFO) is population based, global
optimiser which has been introduced in 2014. It takes inspiration
from the observation of flies and their behaviour when swarming
around a food source. In summary, DFO is a simple numerical op-
timiser over continuous search spaces. Despite the algorithm’s sim-
plicity with only two tunable parameters, it is shown that DFO out-
performs the standard versions of the well-known Particle Swarm
Optimisation [8]], Genetic Algorithm (GA) [6] as well as Differen-
tial Evolution (DE) algorithms [9] on an extended set of benchmarks
over three performance measures of error, efficiency and reliability.
It is shown that DFO is more efficient in 84.62% and more reliable
in 90% of the 28 standard optimisation benchmarks used; further-
more, when there exists a statistically significant difference, DFO
converges to better solutions in 71.05% of problem set. In addition
to theoretical research on this algorithm, DFO has recently been ap-
plied to medical imaging, the study of aesthetic evaluation of digital
images, as well as its use in philosophical discussion in the area of
computational creativity.

To describe the algorithm, it is important to know that the swarm-
ing behaviour of the flies in DFO consists of two tightly connected
mechanisms, one is the formation of the swarms and the other is its
breaking or weakening. The algorithm and the mathematical formu-
lation of the update equations are introduced below.

The position vectors of the population are defined as:
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where ¢ is the current time step, D is the dimension of the problem
space and N P is the number of flies (population size).

In the first generation, when ¢ = 0, the i™ vector’s d™ component
is initialised as:

0
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where 7 is a random number drawn from a uniform distribution on
the unit interval U (0, 1); Zmin and Zmax are the lower and upper ini-
tialisation bounds of the d" dimension, respectively. Therefore, a



population of flies are randomly initialised with a position for each
flies in the search space.

On each iteration, the components of the position vectors are in-
dependently updated, taking into account the component’s value,
the corresponding value of the best neighbouring fly (consider ring
topology) with the best fitness, and the value of the best fly in the
whole swarm:

g = whyla+U0,1) x (b — 2l h) 3)

where atf;bil’ 4 is the value of the neighbour’s best fly of = in the dth
dimension at time step ¢ —1; a:tsgb is the value of the swarm’s best fly
in the d*" dimension at time step t — 1; and U (0, 1) is the uniform
distribution between 0 and 1.

The algorithm is characterised by two main components: a dy-
namic rule for updating flies position (assisted by a social neigh-
bouring network that informs this update), and communication of
the results of the best found fly to other flies.

As stated earlier, the swarm is disturbed for various reasons; one
of the positive impacts of such disturbances is the displacement of
the disturbed flies which may lead to discovering a better position.
To consider this eventuality, an element of stochasticity is introduced
to the update process. Based on this, individual components of flies’
position vectors are reset if the random number, 7, generated from a
uniform distribution on the unit interval U (0, 1) is less than the dis-
turbance threshold or dt. This guarantees a proportionate disturbance
to the otherwise permanent stagnation over a likely local minima. Al-
gorithm [T] summarises the DFO algorithm.

Algorithm 1 Dispersive Flies Optimisation

1: while Function Evalutions < Evaluations Allowed do
2: fori =1— NP do

3: Z; fitness + f(&;)
4: end for
5: sb + {Sb, v f(fsb) = min (f(fl), f(fg), vy f(fNP))}
6: fori =1 — NPdo
7T: nb; + {nbi, v f(fnbz) = min (f(fleﬂi), f(frighti)) }y
8: end for
9: fori =1 — NPdo
10: ford=1—Ddo
1 Ta = @yl g U (0,1) x (2555 — 275 ")
12: if (r < dt)ythen 7
13: Td < Tmin,d + 7 (Tmax,d — Tmin,d)
14: end if
15: end for
16: Ti+— T
17: end for
18: end while
* Tierr; = i—1 and Trighy, = Tit1

This algorithm allows the agents to search the space they are
within whilst maintaining a natural ascetic.

2.2 A* PATH-FINDING

A* path-finding algorithm, first introduced by Hart in 1968 [7], is a
well known algorithm that is renowned for being quicker than most
other path-finding algorithms when put into a situation in which the
origin and target location are already defined on a graph that is com-
pletely known to the agent [11].

A* Path-finding algorithm, which is an extension of Dijkstra’s
1959 algorithm [S], works by first building a graph of nodes and
weighted edges. The nodes all represent a location within the search
space and the weighted edges connect these nodes together with a
given weight for how much it costs to go from one node to the other.
The agent can then traverse this graph by searching all the nodes that
have an edge to the current node that the agent is located. It scans
through the graph to find the target node and will create the path that
is the shortest (path with the least amount of weight). It scans through
the graph by having a heuristic function which returns a cost value
that is then added to an overall count on how expensive it is to get
to that node. The algorithm then uses a priority queue to keep the
lowest weight path on top which ensures that the amount of time the
algorithm takes to scan a path for the target is reduced, thus saving
precious processing time.

3 ADAPTED A* AND DFO

This section summarises the process through which the two afore-
mentioned algorithms are adapted in order to obtain the functionality
required for the purpose of this work.

Minor changes are introduced to DFO before applying the algo-
rithm to the problem in hand. DFO requires a fitness function which
would allow each individual fly to evaluate the suitability of its cur-
rent position. For this work, the fitness function is the distance from
the food object thus giving a relatively simple but effective fitness
yet ensuring that the problem is kept as a minimisation problem.
The only other modification made is for the search phase in which
the Y co-ordinate was clamped to the diameter of the flies to pre-
vent early building in sub-optimal locations. In other words, the flies
are grounded during the search/convergence phase to avoid multi-
layered structures from being built before the actual building phase
commences. The purpose for this modification is due to the fact
that this system is intended for multiple targets. It should also be
noted that this is all within a 3D environment which is governed by
“physics” so each fly has a ‘body” which can collide with the world
and other flies (this process is illustrated in the figures provided later
in the paper). The relevance of this modification will be highlighted
further in the next section.

Further changes are applied to A* path-finding algorithm in order
to utilise its capabilities for the work presented. In one such changes,
the nodes are made to be the agents that can also traverse the graph.
The edges connecting the nodes are also set to be dynamic as they
were added and removed dependent on whether the two relevant
agents were touching or not. This allows a dynamic graph of nodes
and edges that agents could refer to when needed. This modification
is crucial if agents are required to climb a structure as they can iden-
tify a path to the other agent i.e. the target agent they want to get to
by accessing the graph. To facilitate this kind of mapping, the cost
between two nodes is increased dependent on how many edges those
nodes have in total, this stops a path being made in the centre of the
structure.

Acknowledging the No Free Lunch Theorem [[10], and the fact that
A* algorithm is not suited for all situations, it is decided that the A*
path-finding algorithm is better placed in dealing with the scenario
of this work; this is due to the agents’ global knowledge of the entire
graph whilst also always having a known start and an end goal.

The collaboration between these two algorithms ensures creating
a structure that both touches the ground and leads to the target. As
mentioned before, by first clamping the Y co-ordinate within the
search phase it is ensured that the agents do not attempt to begin



building in a location that is not the best (this is more relevant when
the swarm has multiple food sources to choose from). This allows
the swarm to then focus on the absolute best base position for the
structure (the best position is determined by storing the swarm’s best
fitness and the relevant position during the search phase). Once the
search phase is over the clamp on the Y co-ordinate is removed. The
swarm then begins to build upwards towards the designated food
source. At regular intervals, A* is then used to create a path from the
best agent to the ground (the best agent is the agent with the lowest
fitness within the swarm which is different to the best position as the
best position is a fixed location that is found from the search phase
where as the best agent is constantly changing during the building
phase). The agents along this path are first given the target of their
current position and then set to “inactive” meaning they would not
be seeking a new target. This ensures that the structure maintains
stabilityf]

4 EXPERIMENTS AND RESULTS

In the experiment reported in this work, one food source (seen as the
yellow sphere in Figs. 2} and[) in is created and agents are set to get
to. The food source is located at position (0, 5, 0) or 5 units above the
ground. All agents are scattered (initialised) across the search space
randomly. Ring topology is used for this work and the population
size is set to 1,000. The search phase lasts for 5000 frames whilst
evaluation and update happens every 2 seconds.

Figure 1. Forming small communities
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Once started, the agents first drop to the floor and begin to move
around to their first target. Over time, it is observed that small com-
munities of agents form in different areas (see Fig. [T). Over time
these communities slowly move towards the optimal location where
the base is highlighted a transparent box as shown in Figs. Pfa,b).
As anticipated, it can be observed that communities which are not on
the optimal location shrink over time and merge with communities
possessing best fitness. Although the agents have clamping on their
target Y co-ordinate they still manage to get on top of a group of other
agents. This is due to the way in which each agent moves around. As
they hit another agent their own velocity launches them upwards, as
they come back down they land on top of a group. When this happens
the agent get dispersed away from the group and is moved away to
search another area. By the end of the search phase there is a large
community surrounding the best position whilst there are small com-
munities/individual agents not connected to this due to the dispersion
aspect of DFO (see Fig. [2{c)).

Following the search phase, the building phase commences. The
agents immediately climb on top of one another and every time the

3 In this work, the algorithms were developed in Unity and written in C Sharp.

Figure 2. Search and convergence phase

(b) Moving towards the base # 2
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(c) End of the search phase
evaluation and update takes place, they begin to create a mound sur-
rounding the base position. During this time, an A* path find nor-
mally takes place and, with the help of a visual guide, agents are
selected to become the path to the best agent thus creating a struc-
ture.

If the A* algorithm is using the heuristic function which increases
the cost of moving from one agent to another depending on the
amount of agents in question. Then the path is seen being made from
the base of the structure to the outside of the mound and then to the
top of the mound around the outside.

Otherwise it would just create a path to the best agent going rela-
tively straight upwards. After a certain height the very stable mound
stops growing. Following this point, a more unstable structure of
agents jumping around is created. However, this does not stop the
A* from finding a path to the ground from the agent. When a path is
valid it is seen to generally produce an entirely new branch from the
current path. This creates some interesting visual. If the program is
allowed to continually run, it is seen to have a large amount of inac-
tive agents (agents who are in the best path at one point) within the
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Figure 3. Hybrid A*DFO Flowchart
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unstable section of the structure whilst the more stable mound sec-
tion has a path of agents that tends to increase in thickness as it gets
closer to the unstable section. Eventually the entire unstable section
becomes inactive[]

The process through which the hybrid model functions is shown as
a flowchart in Fig. [8] where the two arrows from the ‘Start’ indicate
concurrency.

5 CONCLUSION

In conclusion, this work demonstrates the use of A* Path-finding
and Dispersive Flies Optimisation in generating “organic” structures
which are unique each time the program is run whilst exhibiting a
‘natural’ feel (see the images in Fig. ). The natural aesthetics of
these structures are shown through the different twists and turns that
the path of inactive agents show, much like how plants such as vines
grow. While there are many nature-inspired techniques which could
be investigated in this work, the simplicity of DFO and its mini-

4 A video of a sample run of the program can be accessed here:

https://youtu.be/FyHFnvGKPRA

Figure 4. Sample unique structures

mal parameter tuning, offered a attractive advantage over other algo-
rithms leading to is deployment for this work. Other features of the
algorithm is currently being investigated in context of the presented
work.

Amongst the topics for future work is the introduction of multiple
food sources in order to cater for the generation of more complex
structure. The use of spring joints to join the inactive agents together
could also vastly improve the stability of the overall structure but
would also increase processing power required.


https://youtu.be/FyHFnvGkPRA

Another potential scenario for future use of the proposed method is
when a user draws structures, shapes or designs in a 3D environment
that are fed into the system, which will subsequently “replicate” the
user’s design in a more “organic and natural” way.

In summary, this work shows the viability of the method for gen-
erating unique, “naturally looking” structures. This entails when a
user plays a game or watches a film, the environment they see could
be formed in front of their eyes; this environment could dynamically
change depending on the requirements. Investigating and optimising
the speed of this process is a topic of an ongoing research.

Acknowledging the need to apply further changes to “firm up” the
overall stability of the structures which would allow a wider range
of potential for this method, the presented approach demonstrates its
potential. Further experiments will be conducted to add to the com-
plexity of the structures built while maintaining the simple principles
behind the process of generating the structures.
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