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ABSTRACT: Nature inspired algorithms are regarded as a powerful tool for solving real life problems. They do
not guarantee to find the globally optimal solution, but can find a suboptimal, robust solution with an
acceptable computational cost. The paper introduces an approach to the development of collision avoidance
algorithms for ships based on the firefly algorithm, classified to the swarm intelligence methods. Such
algorithms are inspired by the swarming behaviour of animals, such as e.g. birds, fish, ants, bees, fireflies. The
description of the developed algorithm is followed by the presentation of simulation results, which show, that it
might be regarded as an efficient method of solving the collision avoidance problem. Such algorithm is
intended for use in the Decision Support System or in the Collision Avoidance Module of the Autonomous
Navigation System for Maritime Autonomous Surface Ships.

1 INTRODUCTION Algorithm (VBA), Bat Algorithm (BA), Eagle Strategy
(ES) and Krill Herd Algorithm (KHA).

1.1 Swarm intelligence and its applications

Swarm intelligence (SI) is a dynamically developing
area of artificial intelligence, inspired by the collective
behaviour of animals (ants, bees, birds, fish) or other
living organisms, such as e.g. bacteria. The first
approaches classified as SI methods, as can be seen on
the timeline in Figure 1, started to emerge in the early
1990s. From that time many methods have been = v
introduced. Most of them are inspired by the foraging v s v =
behaviour, as Ant Colony Optimization (ACO),
Artificial Bee Colony algorithm (ABC) or Wolf Search
Algorithm (WSA). Sometimes breeding, such as in
Cuckoo Search (CS) or Flower Pollination Algorithm
(FPA), or mates finding, as in Firefly Algorithm (FA),
constitutes an inspiration. Other shown algorithms
include: Particle Swarm Optimization (PSO),
Differential Evolution (DE), Harmony Search (HS),
Honey Bee Algorithm (HBA) and Virtual Bee

Figure 1. A timeline presenting the development of swarm
intelligence and bio-inspired algorithms

Swarm intelligence algorithms were initially
applied for solving combinatorial optimization
problems such as traveling salesmen problem or
graph colouring [1,2,3]. Over time more and more
real-life applications have been developed, such as
e.g. ACO in bioinformatics for DNA sequencing [4] or
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GA, ACO and PSO for mobile robot path planning [5].
Other examples of SI applications include: PSO for
image analysis (face detection) [6], PSO for cancer
classification [7] and CS for the optimization of the
steel structure design process [8]. A review of SI and
bio-inspired methods can be found in [9].

Examples of applications in regard to ships
include: optimization of ship course controller
parameters based on ACO [10], ship safe trajectory
planning in a collision situation based on ACO [11, 12]
and PSO [13], optimization of the parameters of the
ship dynamics model using ACO, PSO and ABC [14].
In [15] a survey of Sl-based algorithms for USVs
collaboration has been presented.

1.2 Ship collision avoidance

As can be seen from the above introduced overview of
SI methods, one of their applications is the ship
collision avoidance problem. This issue is one of the
main tasks in the ship navigation process, where the
main constraints are static, such as lands, shallows,
buoys, waterways and dynamic obstacles, which
change their position over time. Dynamic obstacles
are called target ships, which are encountered ships,
that might constitute a collision risk to an own ship.
Many approaches for solving the ship collision
avoidance problem were proposed since 1950s, where
first methods for two-ship encounters based upon
solving the triangle of velocities appeared. The latest
algorithms are based upon game theory [16], fuzzy set
theory [17], dynamic programming with neural
constraints  [18],  evolutionary = multi-objective
optimisation [19], multi-agent reinforcement learning
[20], deep reinforcement learning [21], modified
artificial potential field [22] and probabilistic velocity
obstacle method [23]. Safe trajectories are then fed into
the ship motion control system in order to steer the
ship along the determined path. Examples of recent
ship motion control methods are the Linear Matrix
Inequalities controller [24], a path controller with
switching approach [25], the actor-critic time-delay
controller [26] and the backstepping controller [27].

2 FIREFLY ALGORITHM FOR SHIP COLLISION
AVOIDANCE

2.1 Description of constructive vs population based
approximate algorithms

Optimization algorithms can be classified into one of
the two groups: exact or approximate approaches.
Swarm intelligence methods due to the property that
they do not guarantee a global optimum, but allow to
obtain a suboptimal solution at acceptable
computational cost, are classified to the group of
approximate algorithms. An approximate algorithm
can be further classified as constructive, population-
based or local search. Constructive algorithms build a
solution by iteratively adding solution components,
until a complete solution is achieved. A population-
based algorithm starts with an initial population of
individuals (candidate solutions), which is then
evaluated and modified in order to find the final best
solution, until the moment, when the termination
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condition is met. Local search algorithms start from
some initial solution and iteratively apply local
changes in order to improve that solution. Local
changes mean the exploration of the neighbourhood
of the current solution [28].

2.2 Description of the firefly algorithm background

Figure 2. The bioluminescence behaviour of a firefly

The Firefly Algorithm (FA) has been introduced by
Xin-She Yang in 2008 [29]. As the name suggests, the
algorithm is inspired by the behaviour of fireflies,
which communicate with each other, look for prey
and find mates using bioluminescence.
Bioluminescence means the production and emission
of light by living organisms, as shown in Figure 2. The
main assumptions applied in the FA, inspired by the
behaviour of fireflies in nature, are:

— the attractiveness of a firefly is proportional to its
brightness, the value of both parameters decreases
with an increasing distance between the fireflies;

— for every pair of fireflies, the less bright firefly will
be moving towards the brighter one;

— if there is no brighter firefly, it will move
randomly.

The movement of a firefly towards the brighter one
is defined by Equation (1).

1

<= Xit +Boeiwg (Xj _Xit)+a(rand—0.5) 1)

where fo is the attractiveness at distance r = 0, a is a
parameter introducing randomness, rand is a random
number generator uniformly distributed in [0, 1], #; is
the distance between fireflies i and j, and y is the light
absorption  coefficient, which determines the
variability of attractiveness. The distance between any
two fireflies i and j is defined by Equation (2).
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2.3 The firefly algorithm for solving the ship collision
avoidance

The flowchart of a firefly algorithm applied for
solving the ship collision avoidance problem is given
in Figure 3. The input data for the algorithm are the
values of parameters describing the collision situation
at sea, such as: the course W, the speed Vj, the bearing
Nj and the distance D; of the j-th target ship from an
own ship and the current course ¥ and the speed Vo
of an own ship. After that the relative courses, speeds
and bearings of target ships are calculated based on
the input data. In the next step dangerous target ships
are determined by the algorithm. These are target
ships, that intersect their courses with the course of an
own ship and might pose a collision risk.
Afterwards the specific parameters of a firefly
algorithm are initialized, such as fo, @ and y and an
initial population of # fireflies, constituting candidate
trajectories, is generated. Light intensity for every
firefly in the initial population is then calculated. The
light intensity of a firefly describes how good is the
solution defined by the current firefly for the
considered optimization problem. Next, until the
termination criterion is not fulfilled, the following
steps are carried out iteratively:

— calculation of movement of every firefly towards
the brighter firefly according to Equation (1),

— evaluation, whether every firefly is positioned
within the solution space and does not exceed
constraints (static and dynamic obstacles),

— update light intensities of newly obtained
solutions (fireflies),

— rank the fireflies and find the current best
trajectory.

!

Collect input data: Wy, Vo W, V; N, Dy

3 SIMULATION RESULTS

The firefly algorithm for ship collision avoidance was
implemented in Matlab and compared with another SI
algorithm, based on Ant Colony Optimization. The
flowchart of the ACO algorithm for ship collision
avoidance [30], used in the comparative analysis, is
given in Figure 4. The applied ACO-based algorithm
can be regarded as a constructive algorithm, as
artificial ants construct their solutions by
probabilistically choosing their next move on the
graph until they reach the final waypoint. For
comparison, applied firefly algorithm is a population-
based algorithm that in a number of iterations
changes the initial population of fireflies (candidate
trajectories) in order to find the final best solution.
The values of specific parameters of the algorithms
used in the calculations are given in Table 1. The safe
distance between the ships in the collision avoidance
process is assured by the ship domain around target
ships. A hexagon domain was used in the carried-out
simulation tests, but other shapes might also be used,
depending on the user's preferences. The dimensions
of the target ship domain used in the calculations are
as follows: distance towards bow: 1.05 nm, distance of
amidships: 0.65 nm, distance towards starboard side:
0.65 nm, distance towards stern: 0.4 nm, distance
towards port side: 0.4 nm. These are exemplary
dimensions, which also can be changed according to
the user's preferences. Tables 2-5 present input data of
test case used as examples for the presentation in this
paper. Numerical results are listed in Table 6 and a
graphical presentation of the best trajectories
calculated by both algorithms are given in Figures 5-8.

'

Collect input data: Wy, Vg W, V| N, D,

'

Calculate target ships' relative
courses, speeds and bearings

!

Determine dangerous target ships

'

Initialize FA parameters

!

Generate initial population of fireflies
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Figure 3. The flowchart of a firefly algorithm for ship
collision avoidance

The termination criterion is the maximum number
of iterations.

Figure 4. The flowchart of the Ant Colony Optimization-
based algorithm for ship collision avoidance
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Table 1. Values of ACO and FA parameters used in the
calculations

Algorithm Parameters
ACO

a=1,=2,p=0.1, 70=1, number_of_ants =10,
max_iterations = 20

FA Bo=1, =04, y =1, number_of_fireflies = 10,
max_iterations = 50

FA-based algorithm calculated slightly shorter
trajectories for all of the presented test cases. The run
time of the algorithm was also shorter. For test cases
1-3 manoeuvres determined by both algorithms are
similar, composed of a turn to starboard side and then
return to the defined position. Interesting results
might be noticed for a more complex test case 4 with 6
encountered ships. For this test case the difference
between the trajectories calculated by both algorithms
is more significant. ACO-based algorithm determined
a trajectory composed of three course changes, with a
port side turn, while FA-based algorithm calculated a
starboard side manoeuvre, similarly as for the three
other considered scenarios. The difference in length
between the two proposed trajectories is 0.04 nautical

INMT|

-5 -4 -3 -2 -1 0 1 2 3 4 5

Figure 5. Comparison of safe trajectories calculated by the
two algorithms for test case 1

mile, but the result of FA-based algorithm might be [N = = © =7 77 ' R
regarded as more practical. | i
Table 2. Input data for test case 1 with 2 target ships ° =
Ship W[°] V[kn] NJ[°] DI[NM] 7
0 0 12 — —
1 270 12 45 5 °
2 270 12 40 7 .
Table 3. Input data for test case 2 with 3 target ships 4
Ship W[°] V[kn] NJ[°] DI[NM] i i
s i
0 0 12 — — L ]
1 190 12 5 5 2 ]
2 270 12 40 7 L ]
3 270 10 55 6 s i
Table 4. Input data for test case 3 with 4 target ships o INM]|
Ship W[°] VI[kn] N[°] DI[NM] 5 4 3 2 - 0 1 2 3 4 5
0 0 12 — — Figure 6. Comparison of safe trajectories calculated by the
1 180 12 5 5 two algorithms for test case 2
2 270 14 40 7
3 280 12 55 6
4 220 14 20 4 [N T ]
Table 5. Input data for test case 4 with 6 target ships o
Ship W[°] V[kn] NJ[°] DI[NM] i 1
0 0 14 — — i
1 105 4 340 8 .
2 180 12 5 5 | |
3 270 14 40 7 sl i
4 280 12 55 6 | ,
5 220 14 20 4 Al i
6 190 8 45 5 | i
3 4
Table 6. Results of the two algorithms for test cases 1-4 r 1
Test case  Algorithm Distance [nm] W [°] Run time [s] 2:
1 FA 9.18 12,349 0.27 1
1 ACO 9.22 11,346 5.83 H
2 FA 9.21 7,352 0.69 of NM]
2 ACO 9.25 9,342 5.21 L L L . ‘ . L
3 FA 9.61 24342 0.86 ot s 2 et 8
3 ACO 9.86 22,333 8.04 Figure 7. Comparison of safe trajectories calculated by the
i 1;2 o gg; ggfg’i’g 315 ;ié two algorithms for test case 3
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Figure 8. Comparison of safe trajectories calculated by the
two algorithms for test case 4

4 CONCLUSIONS

The paper introduced an algorithm for solving the
ship collision avoidance problem based one of the
swarm intelligence methods — the firefly algorithm.
Simulation results proved, that the firefly algorithm
for ship collision avoidance is capable of solving the
task in up to a few seconds, what is a reasonable
amount of time for that process. Results compared
with the ACO-based algorithm show, that the firefly
algorithm obtains shorter trajectories within shorter
calculation time. Therefore, the algorithm might
constitute a competitive approach in the group of
non-deterministic methods. Safe trajectory planning is
a vital task in the navigation of ships. Such algorithms
might be applied as a decision support tool on
manned ships or as a part of an autonomous
navigation system of unmanned or fully autonomous
vessels. Future research direction might concern
different algorithms applied for solving the safe
trajectory planning problem, running in parallel, in
order to finally propose the best solution for the
considered collision situation. Future research should
also regard evaluation of the algorithms with the use
of scenarios with static obstacles and other waterway-
related constraints.
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