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MODEL OF SHIP MANOEUVRES

The previous two sub-sections discussed a mathematical 
model for the vessel when the rudder angle is fixed and does not 
change over time. In the case where the rudder angle changes, 
a manoeuvring model will be conducted and integrated with 
the previous sub-models, based on which the sway and yaw 
variables can be coupled to the surge variables. In general, 
this part includes the modelling of:

a) � the ship’s dynamics and motion for the coupled surge-
sway-yaw system,

b) � the hydrodynamic forces on the ship and their moments,
c) � motion stability checking of the ship.

The mathematical model of the ship’s manoeuvres is 
nonlinear, and an outline of this model is given in Fig. 11. 

The first module of the model in Fig. 10 (upper left) provides 
a general nonlinear mathematical model of the ship’s motion 
in the xy-plane. The second module (upper right) is the most 
problematic part, particularly when ship is not in calm water. 
There are several different empirical methods that can be 
used to model the ship’s manoeuvres in calm water, using the 
so-called hydrodynamic coefficients. For example, Kijima, 
Fossen, Ankudinov or Lewandowski coefficients can be 
used [18]. However, in a rough sea, seakeeping analysis should 
also be provided, and the drift and heading angles should 
be included. As a result, the position, course and trajectory 
of the ship will be determined. Alternatively, the simplified 
model described in [6, 26] can be applied. The model can be 
verified based on the typical procedures and requirements 
delivered by ITTC in relation to the manoeuvring tests. The 
applied mathematical model has the following general form:

m(  – vr – r2xg) = Xh + Xr+ Xp

m(  + ur + xg ) = Yh + Yr+ Yp

Izz  + mxg(  + ur) = Nh + Nr+ Np

Yp = 0

Np = 0

Xh + Xr = u   +   + v  +...

Yh + Yr = u   +   + v  +...

where u  and v represent the surge and sway velocities, 
respectively, and r is the angular velocity around the z-axis 
(yaw); m  is the total mass of the ship (including added 
masses); Izz is the mass moment of inertia; xg is the position 
of the centre of gravity; X and Y are the longitudinal and 
horizontal hydrodynamic forces; N is the hydrodynamic 
moment around the z-axis; and the indexes h, r and p denote 
the hull, rudder and propeller, respectively. The last three 
variables are functions of the abovementioned velocities and 
their derivatives (accelerations), as well as the rudder angle д.

These relationships permit to indicate the last but one 
module in Fig. 11. They are supported and completed using 
the empirical hydrodynamic coefficients. An approximation 
is applied when items higher than second order are neglected 
in the equations. To construct the last module, the forces and 
moment are non-dimensionalised by dividing by ρLppTu/2 and 
ρL2

ppTu2/2, respectively, and the mass and moment of inertia 
are non-dimensionalised by dividing by ρL2

ppT/2 and ρL4
ppT/2, 

respectively [8] (where T is the net thrust, ρ is the water density 
and Lpp is the ship’s length between perpendiculars).

The propeller rotational speed varies over time and directly 
influences the change in the surge speed, and should therefore 
be considered an additional state variable. In this regard, 
the differential equations in the model of the ship’s motion 
include also changes in the rotational speed of the propeller, 
ωp, as follows:

p(t) =  [Qe(t) – Qp(t) – Ql(t)]

where Qe, Qp and Ql stand for the engine torque, propeller 
torque and equivalent torque losses, respectively, and Jp 
is the moment of inertia of the propeller, shaft and power 
transmission elements connected to the propeller.
Qp can be calculated by the following formula:

Qp(t) = kQ ρn(t) | n(t) | D5

in which kQ is the propeller torque coefficient (which is given 
by the manufacturer or determined based on model tests, and 
depends on the number of blades, advance number, Reynold’s 
number, propeller area coefficient and pitch ratio), ρ is the 
density of sea water [kg/m3], D is the diameter of the propeller 
and n(t) is the rotational speed of the propeller [rps].
Ql(t) can be determined in relation to the mechanical 
efficiency of the elements of the power transmission system, 
including the bearings, coupling, connecting shafts, clutch 

Fig. 11. Outline of the mathematical model of ship manoeuvres
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and gears, if applied. Ql(t) is typically a function of propeller 
rotational speed, but in a simplified model can be considered 
to be constant.

The mathematical model of the engine is added to the 
whole model. The engine model used in this study is the same 
as that presented in [45], and is therefore not repeated here.

Again, to ensure the viability and accuracy of the model, 
it is checked using some conventional manoeuvrability tests. 
An example is the turning circle test [11]. The validity of the 
manoeuvring models was checked by taking into account 
the possibility of correcting the hydrodynamic coefficients. 
The mathematical model was tested for an offshore supply 
vessel, and the results confirmed the validation of the model 
(see Fig. 12). The application of the model will allow the 
manoeuvrability to be taken into account more accurately 
for all modes of operation, rather than simply the basic 
mode that has been used in the past to determine a ship’s 
manoeuvrability [47].

AN EVOLUTIONARY MULTI-OBJECTIVE 
OPTIMISATION METHOD FOR PLANNING 

SAFE SHIP TRAJECTORIES
The fully functional, problem-oriented EMO method will 

include:
1. � A backbone EMO method, which must allow for multiple 

custom enhancements,
2. � A  module that is responsible for handling various 

optimisation constraints by:
a. � Determining the degree to which they are met by a given 

ship’s trajectory,
c. � Applying specialised operators that amend unacceptable 

trajectories so that they satisfy the constraints. 
Both of the elements listed above are briefly described in 

the following sub-sections. 

BACKBONE EMO METHOD

The design of the proposed optimisation is roughly based 
on the classic Strength Pareto Evolutionary Algorithm 2 
(SPEA 2) [49]. To improve the performance of SPEA 2, the 

proposed method will include a number of modifications and 
enhancements. Choosing EMO as the base for the optimisation 
method makes it possible to find a good representation of 
a Pareto-optimal set [41], including potential non-convexities 
[12]. This is a significant advantage compared to aggregated 
objective evolutionary algorithms, which are unable to find 
solutions from the non-convex parts of a Pareto set, even 
when multi-started with modified weights. EMO methods 
have therefore recently been applied to numerous marine 
optimisation problems [46]. Another of their advantages is 
that they make it possible to include the decision maker’s 
(DM’s) preferences [19], which allows the designers to 
focus on the most important part of the objective space, 
thus reducing the number of analysed solutions while still 
returning a good representation of a Pareto optimal set as 
the end result. Multiple approaches to applying the DM’s 
preferences are known, including interaction with the DM 
or specifying a reference solution; however, most of these 
are impractical in a collision avoidance context. Interaction 
during the optimisation process is impossible because of time 
limits, while a reference solution would require a database of 
collision avoidance scenarios covering all possible situations; 
this is practically impossible, and even if available would be 
flawed due to overestimation or underestimation errors. In 
the present research, we have developed our own approach 
based on a trade-off that includes the DM’s preferences. This 
approach is loosely based on the one introduced in [3], but is 
generalised to cover a given number of objectives. The exact 
values of the trade-off factors used here can be configured 
to reflect the voyage mission defined by the ship owners. 
In practice, this trade-off is of particular importance in 
collision-avoidance situations, since safety and economy are 
usually contradictory objectives. Optimising one may occur 
at the cost of the other, so a reasonable balance by means of 
a configurable trade-off is essential. The trade-off is applied 
throughout the EMO process by means of modified Pareto 
dominance rules as well as in the multi-criteria decision-
making (MCDM) phase to filter the output Pareto set and 
choose the final solution. 

The EMO method developed here will cover the three 
objectives specified in the earlier sections. Of these, particular 
emphasis must be put here on safety. Traditionally, safety has 
been taken into account solely as a constraint; for example, 
solutions that exceed a certain threshold (which is set for 
a particular type of threat) cannot be accepted, and are thus 
eliminated from the process. Alternatively, safety can be 
considered an optimisation criterion and the risk index can 
be minimised. In the proposed multi-objective approach, this 
is handled both as a constraint and as one of three criteria. 
We search for solutions with the lowest possible risk index 
as well as for solutions that optimise the other two criteria. 
However, solutions whose risk index exceeds a  certain 
threshold are eliminated, regardless of the values for the other 
objectives (e.g. fuel consumption), even if they are not Pareto-
dominated. This involves quantifying the risk of collision 
with other ships, and a robust method of determining safe 
manoeuvres for a specified ship safety domain [36] has been 

Fig. 12. Characteristics of the turning circle manoeuvre, 
when the rudder angle is changed by 35°
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proposed in [38]. Using this method, safe combinations of 
course and speed can be found without affecting the method’s 
computational complexity, resulting in a shortening of the 
overall computational time. The abovementioned approach 
can be directly applied in the proposed EMO method.

SHIP TRAJECTORY CODING  
IN THE EMO METHOD

In this method, each candidate trajectory is represented 
by an individual in the EMO population. Each individual 
is defined by a sequence of course changes accompanied by 
a sequence of times at which the manoeuvre is initiated. 
This representation allows for a significant reduction in the 
variable space. Each change in course is a discrete value (in 
degrees) from the predefined set. By default, the set is: {−60, 
−55, −50, −45, −40, −35, −30, −25, −20, −15, 0, 15, 20, 25, 30, 
35, 40, 45, 50, 55, 60}, and this default 21-element set can 
be conditionally extended to cover course changes of up to 
90° on each side. Limiting each course change to one of 21 
possible discrete values can greatly reduce the number of 
poor quality offspring generated in the evolutionary process. 
In addition to course changes, the current values of the ship’s 
course are also computed (they are needed for the evaluation 
of solutions). However, course changes (rather than course 
values) are used for mutation and crossover operators, in 
order to ensure that each newly created or modified trajectory 
is in the format used for acceptable course changes. In this 
way, we can reduce the probability of generating solutions 
that are of no practical value. Using discrete course changes 
throughout the EMO process enables us to reduce the 
crowding problem and avoid multiple solutions that are 
too close to each other, and allows redundant solutions to 
be easily identified and eliminated.

HANDLING OPTIMISATION CONSTRAINTS

To make sure that the method returns acceptable solutions, 
we need to check that the optimisation constraints are satisfied. 
To ensure reasonable progress of the method, we also need 
to determine the degree to which they are met by a given 
trajectory for the ship. The most important constraints here 
are related to:

•	avoiding running aground, 
•	avoiding collisions with stationary obstacles, 
•	taking into account other limitations of a waterway in 

restricted areas,
•	avoiding collisions with other moving objects,
•	compliance with COLREGS. 

The first three of these constraints are handled by use of 
electronic navigational charts (ENCs). This has already been 
done in EMO methods applied to optimisation problems 
in marine navigation, such as weather routing [16, 29, 33]. 
In general, the problem of handling ENC-derived constraints 
in Evolutionary Algorithms (EA) can be considered solved 
[40], including in coastal waters [39]. Possible approaches to 

this include the direct use of ENCs as vector maps or converting 
them to bitmaps for use in the optimisation process. We have 
developed a solution based on the second approach and apply 
this in the proposed EMO method.

For collision avoidance, it has been shown that both radar 
and AIS data on targets can be integrated with ENC [14]. 
In  autonomous ships, the accuracy of target tracking is 
essential, and multiple methods of increasing this accuracy 
have been proposed [15]. In the proposed method, dealing 
with collision avoidance as a constraint is done in the same 
way as for safety as an optimisation objective, as described 
in Section 4.1. A special problem that is related to collision 
avoidance is compliance with COLREGS. Some of COLREGS 
rules that need to be taken into account include the majority 
of rules from Part B (Steering and Sailing), as listed below.
1.  Conduct of a vessel in any visibility conditions:

a.  Rule 6. Safe speed
b.  Rule 7. Risk of collision
c.  Rule 8. Action to avoid collision
d.Rule 9. Narrow channels
e.  Rule 10. Traffic Separation Schemes

2.  Conduct of vessels in sight of one another:
a.  Rule 13. Overtaking
b.  Rule 14. Head-on situations
c.  Rule 15. Crossing situations
d.  Rule 16. The give-way vessel
e.  Rule 17. The stand-on vessel
f.  Rule 18. Responsibilities between vessels

3.  Conduct of vessel in restricted visibility – Rule 19.

As mentioned in the Introduction, COLREGS will be 
re-written in the next few years to include MASS. While 
the exact form of the new rules is unknown, it is reasonable 
to assume that changes will be made to minimise the 
impact of new rules on conventional vessels (otherwise, all 
navigators would have to be retrained to comply with the new 
regulations). Consequently, we can assume that a MASS will 
be obliged to act in a similar way to conventional vessels when 
engaged in an encounter; thus, the current COLREGS will be 
applied in the proposed method, and these can be updated as 
soon as the new rules for a MASS are introduced. As of now, 
there are no current COLREGS rules that would regulate the 
negotiation of collision avoidance manoeuvres between ships. 
We therefore assume that a MASS will manoeuvre with no 
direct ship-to-ship communication other than broadcast and 
received AIS messages. Another issue is the possibility that 
a MASS may encounter a conventional (manned) ship that 
is obliged to give way, but does not do so. An unexpected 
manoeuvre (noncompliant with COLREGS) by a manned ship 
may drastically change the navigational situation and result 
in an immediate collision threat. In both cases, the MASS 
will need to react quickly, within a shorter time than usually 
allowed for planning and executing evasive action. In such 
cases, a multi-objective optimisation of the trajectory of the 
MASS may not be possible, and a simple evasive action may 
need to be applied that can be determined automatically by 
the algorithm used in [37].
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To speed up convergence to the optimal Pareto set, 
a vast array of specialised operators designed to eliminate 
particular types of problems is used. These operators have 
previously been designed for the purposes of research by the 
present authors [35] although this involved a single-objective 
optimisation problem rather than a multi-objective one. The 
abovementioned extensions to the EMO method include:

•	operators avoiding collisions with other ships, 
•	operators avoiding grounding, collisions with stationary 

obstacles and violations of various limitations of 
a waterway,

•	operators avoiding violations of selected COLREGS rules 
(listed above).	

The problem of complying with basic COLREGS rules 
related to collision avoidance (Rules 6 to 9 and 13 to 18 of 
COLREGS) [17] was addressed by the main author in [34], 
and the problem of collision avoidance in restricted visibility 
(Rule 19 of COLREGS) was addressed in [35]. Navigating 
within traffic separation schemes (Rule 10 of COLREGS) was 
examined, and the developed method automatically generated 
traffic patterns for compliance with particular rules (used at 
the pre-processing stage of the evolutionary process). Other 
optimisation techniques have included:

•	semi-deterministic operators dedicated to eliminating 
specified problems of an evolutionarily planned ship 
trajectory,

•	modifications to the traditional scheme of evolutionary 
operations that can reduce the number of most time-
consuming operations.

All of the above result in much greater progress within each 
generation, and consequently a much faster convergence of the 
optimisation process. These elements will also be applied in 
the proposed method. The expected effect is convergence to an 
acceptable solution within one minute, and further refining of 
this solution is possible if the situation allows (i.e. there is no 
immediate danger). In the case of a dangerous situation that has 
already developed, as observed in [13], a simplified approach 
referred to as ‘fast reasoning’ is recommended. In this case, 
fast reasoning can be carried out by reducing the optimisation 
problem to the single-objective one of minimising collision 
risk. It is worth noting that the approach proposed here is 
considered sufficient for successful collision avoidance actions 
of the ship, although it obviously cannot be applied to the 
multi-objective synchronisation of multiple ships supervised 
via a Vessel Traffic Service(VTS) centre.

SUMMARY AND CONCLUSIONS

The design of a MASS and MASS-related features is one of 
the most important and challenging topics in today’s marine 
engineering. It is only a question of time before MASSs are 
exploited on a large scale, and it is therefore crucial to develop 
methods that minimise the risk of collision and reduce costs and 
pollution, which both depend strongly on fuel consumption. 

At present, published works on collision avoidance methods 
(for both manned vessels and MASSs) almost exclusively use 
a single-objective optimisation approach, making it practically 
impossible to successfully achieve safety- and economy-related 
goals at the same time and in parallel. The method presented 
in this paper represents an attempt to develop such solutions. 
By applying this method, it is possible to reduce the collision 
threat as far as possible without a significant increase in the 
abovementioned costs, which are incurred by the ship-owners 
and the natural environment alike. The proposed method proves 
that it is possible and desirable to replace the predominant 
single-objective optimisation approach to collision avoidance 
with a truly multi-objective one. Additional research into the 
modelling of the motion of ships will help in understanding 
the influence of manoeuvring conditions and sea states on fuel 
consumption, as well as the interactions induced by the motion 
of the ship and the environmental variables.

REFERENCES

1.	 Bechikh, S., M. Kessentini, L. Ben Said, K. Ghédira: Preference 
Incorporation in Evolutionary Multiobjective Optimization: 
A Survey of the State-of-the-Art, Adv. Comput. 98 (2015) 
141–207.

2.	 Bertaska, I.R., B. Shah, K. Von Ellenrieder, P. Švec, W. Klinger, 
A.J. Sinisterra, M. Dhanak, S.K. Gupta: Experimental 
evaluation of automatically-generated behaviors for USV 
operations, Ocean Eng. 106 (2015) 496–514.

3.	 Branke, J., T. Kaußler, H. Schmeck: Guidance in evolutionary 
multi-objective optimization, Adv. Eng. Softw. 32 (2001) 
499–507.

4.	 Burmeister, H.-C., W. Bruhn, Ø.J. Rødseth, T. Porathe: 
Autonomous Unmanned Merchant Vessel and its Contribution 
towards the e-Navigation Implementation: The MUNIN 
Perspective, Int. J. e-Navigation Marit. Econ. 1 (2014) 1–13.

5.	 Campbell, S., W. Naeem, G.W. Irwin: A review on improving 
the autonomy of unmanned surface vehicles through intelligent 
collision avoidance manoeuvres, Annu. Rev. Control. 36 
(2012) 267–283.

6.	 Chroni, Dionysia & Liu, Shukui & Plessas, Timoleon & 
Papanikolaou, Apostolos. (2015). Simulation of the maneuvering 
behavior of ships under the influence of environmental forces. 
(2015) 111–120. DOI: 10.1201/b18855-16.

7.	 Cockcroft, A.N., Lameijer J.N.F.: A guide to the collision 
avoidance rules: international regulations for preventing 
collisions at sea, Elsevier, 2012.

8.	 Fossen, T.I.: Handbook of Marine Craft Hydrodynamics and 
Motion Control, John Wiley & Sons, Ltd, Chichester, UK, 
2011.



POLISH MARITIME RESEARCH, No 4/201978

9.	 Hermann, D., R. Galeazzi, J.C. Andersen, M. Blanke: Smart 
sensor based obstacle detection for high-speed unmanned 
surface vehicle, IFAC-PapersOnLine. 28 (2015) 190–197.

10.	IMO: Resolution MSC.252(83) Adoption of the Revised 
Performance Standards for Integrated Navigation Systems 
(INS), Imo - Msc. 252 (2007) 1–49.

11.	ITTC: Final Report and Recommendations to the 24th ITTC. 
24th International Towing Tank Conference, 2005.

12.	Jakob, W., C. Blume: Pareto optimization or cascaded weighted 
sum: A comparison of concepts, Algorithms. 7 (2014) 166–185.

13.	Jingsong, Z., W. Price: Automatic collision avoidance systems: 
Towards 21st century, in: Dep. Sh. Sci., 2008: pp. 1–10.

14.	Kazimierski, W., A. Stateczny: Radar and Automatic 
Identification System Track Fusion in an Electronic Chart 
Display and Information System, J. Navig. 68 (2015) 1141–1154.

15.	Kazimierski, W., G. Zaniewicz, A. Stateczny: Verification of 
multiple model neural tracking filter with ship’s radar, in: 2012 
13th Int. Radar Symp., IEEE, 2012: pp. 549–553.

16.	Krata, P., J. Szlapczynska: Ship weather routing optimization 
with dynamic constraints based on reliable synchronous roll 
prediction, Ocean Eng. 150 (2018) 124–137.

17.	Lazarowska, A.: A new deterministic approach in a decision 
support system for ship’s trajectory planning, Expert Systems 
with Applications, Volume 71, 2017, Pages 469-478, ISSN 
0957-4174

18.	Lee, H.-Y., S.-S. Shin: The Prediction of ship’s manoeuvring 
performance In initial design stage, PRADS Pr. Deisgn Ships 
Mob. Units. (1998) 666–639.

19.	Li, K., K. Deb, X. Yao: R-Metric: Evaluating the Performance of 
Preference-Based Evolutionary Multi-Objective Optimization 
Using Reference Points, IEEE Trans. Evol. Comput. 22 (2017) 
821–835.

20.	Li, W., W. Ma: SIMULATION ON VESSEL INTELLIGENT 
COLLISION AVOIDANCE, Polish Marit. Res. 23 (2016) 
138–143.

21.	Lisowski, J.: Optimization-Supported Decision-Making in 
the Marine Game Environment, in: Mechatron. Syst. Mech. 
Mater. II, Trans Tech Publications, 2014: pp. 215–222.

22.	Lisowski, J.: Analysis of Methods of Determining the Safe Ship 
Trajectory, TransNav, Int. J. Mar. Navig. Saf. Sea Transp. 10 
(2016) 223–228.

23.	Man, Y., M. Lundh, T. Porathe, S. MacKinnon: From Desk 
to Field – Human Factor Issues in Remote Monitoring and 

Controlling of Autonomous Unmanned Vessels, Procedia 
Manuf. 3 (2015) 2674–2681.

24.	Naeem, W., S.C. Henrique, L. Hu: A Reactive COLREGs-
Compliant Navigation Strategy for Autonomous Maritime 
Navigation, IFAC-PapersOnLine. 49 (2016) 207–213.

25.	Olszewski, H., H. Ghaemi: New concept of numerical 
ship motion modelling for total ship operability analysis by 
integrating ship and Environment Under One Overall System, 
Polish Marit. Res. 25 (2018) 36–41.

26.	Papanikolaou, A., N. Fournarakis, D. Chroni, S. Liu: 
Simulation of the Maneuvering Behavior of Ships in Adverse 
Weather Conditions, 212 (2016) 11–16.

27.	Perera, L.P., J.P. Carvalho, C.. Guedes Soares: Autonomous 
guidance and navigation based on the COLREGs rules and 
regulations of collision avoidance, Adv. Sh. Des. Pollut. Prev. 
(2010) 205–216.

28.	Perera, L.P., L. Moreira, F.P. Santos, V. Ferrari, S. Sutulo, C. 
Guedes Soares: A navigation and control platform for real-
time manoeuvring of autonomous ship models, IFAC, 2012.

29.	Perera, L.P., C.G. Soares: Weather routing and safe ship 
handling in the future of shipping, Ocean Eng. 130 (2017) 
684–695.

30.	Polvara, R., S. Sharma, J. Wan, A. Manning, R. Sutton: 
Obstacle Avoidance Approaches for Autonomous Navigation 
of Unmanned Surface Vehicles, J. Navig. (2017) 1–16.

31.	Praczyk, T.: Neural anti-collision system for Autonomous 
Surface Vehicle, Neurocomputing. 149 (2015) 559–572.

32.	Stateczny, A.: Neural Manoeuvre Detection of the Tracked 
Target in ARPA Systems, IFAC Proc. Vol. 34 (2001) 209–214.

33.	Szłapczynska, J.: Multi-objective Weather Routing with 
Customised Criteria and Constraints, J. Navig. 68 (2015) 
338–354.

34.	Szlapczynski, R.: A new method of planning collision avoidance 
manoeuvres for multi-target encounter situations, J. Navig. 61 
(2008) 307-321. 

35.	Szlapczynski, R.: Evolutionary planning of safe ship tracks in 
restricted visibility, J. Navig. 68 (2015) 39-51.

36.	Szlapczynski, R., J. Szlapczynska: A Simulative Comparison of 
Ship Domains and Their Polygonal Approximations, TransNav, 
Int. J. Mar. Navig. Saf. Sea Transp. 9 (2015) 135–141.

37.	Szlapczynski, R., J. Szlapczynska: A Target Information 
Display for Visualising Collision Avoidance Manoeuvres in 
Various Visibility Conditions, J. Navig. 68 (2015) 1041–1055.



POLISH MARITIME RESEARCH, No 4/2019 79

38.	Szlapczynski, R., J. Szlapczynska: A method of determining 
and visualizing safe motion parameters of a ship navigating 
in restricted waters, Ocean Eng. 129 (2017) 363–373.

39.	Tsou, M.C.: Integration of a geographic information system 
and evolutionary computation for automatic routing in coastal 
navigation, J. Navig. 63 (2010) 323–341.

40.	Tsou, M.C.: Multi-target collision avoidance route planning 
under an ECDIS framework, Ocean Eng. 121 (2016) 268–278.

41.	Utyuzhnikov, S. V., P. Fantini, M.D. Guenov: A method 
for generating a well-distributed Pareto set in nonlinear 
multiobjective optimization, J. Comput. Appl. Math. 223 
(2009) 820–841.

42.	Woerner, K., M.R. Benjamin, M. Novitzky, J.J. Leonard: 
Quantifying protocol evaluation for autonomous collision 
avoidance: Toward establishing COLREGS compliance metrics, 
Auton. Robots. (2018) 1–25.

43.	Wrobel, K., P. Krata, J. Montewka, T. Hinz: Towards the 
Development of a Risk Model for Unmanned Vessels Design 
and Operations, Int. J. Mar. Navig. Saf. Sea Transp. 10 (2016) 
267–274.

44.	Wróbel, K., J. Montewka, P. Kujala: Towards the assessment of 
potential impact of unmanned vessels on maritime transportation 
safety, Reliab. Eng. Syst. Saf. 165 (2017) 155–169.

45.	Zeraatgar, H., M.H. Ghaemi: The Analysis of Overall Ship 
Fuel Consumption in Acceleration Manoeuvre Using Hull-
Propeller-Engine Interaction Principles and Governor Features, 
Polish Marit. Res. 26 (2019) 162–173.

46.	Zhang, Z., C. Lee: Multiobjective Approaches for the Ship 
Stowage Planning Problem Considering Ship Stability and 
Container Rehandles, IEEE Trans. Syst. Man, Cybern. Syst. 
46 (2016) 1374–1389.

47.	Zhao-Lin, W.: Quantification of Action to Avoid Collision, 
J. Navig. 37 (1984) 420–430.

48.	Zhou, K., J. Chen, X. Liu: Optimal Collision-Avoidance 
Manoeuvres to Minimise Bunker Consumption under the 
Two-Ship Crossing Situation, J. Navig. (2019) 151–168.

49.	Zitzler, E., M. Laumanns, L. Thiele: {SPEA2}: Improving the 
{S}trength {P}areto {E}volutionary {A}lgorithm, EUROGEN 
2001. Evol. Methods Des. Optim. Control with Appl. to Ind. 
Probl. (2002) 95–100.

CONTACT WITH THE AUTHORS

Rafał Szłapczyński
e-mail: rafal.szlapczynski@pg.edu.pl

Gdańsk University of Technology
Narutowicza 11/12, 80-233 Gdańsk

Poland

Hossein Ghaemi
e-mail: ghaemi@pg.edu.pl

Gdańsk University of Technology
Narutowicza 11/12, 80-233 Gdańsk

Poland


