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The results of the second deterministic comparison in the following seas are shown in Figure 13.
The duration is 1145 s. This run was chosen because it starts with low roll motions, and then a
parametric roll event with a maximum roll motion of 33.5° develops. This event dies out, and about
500 s later a second event develops with a similar maximum roll value.

Figure 13. Results of the second case of a deterministic comparison of a parametric roll event in
irregular following seas (Jonswap spectrum, Hs = 4.0 m, Tp =13.5s, y = 3.3), vs. = 8 kn.

Time traces of heave, roll, pitch and vessel speed, from the experiment and two
simulations programs, Sim-2 and Sim-3, are shown in Figure 13. Similar to the results in Figure 12,
the agreement is much better than in head seas. Both parametric roll events are captured, and the peak
roll values of the events are accurately predicted.

9. Discussion

9.1. Objective

The intention of this study was to compare existing simulation programs “as is”, and using settings
according to the best practice of the owners of each of the programs. The background of this choice
was that a ship operator could ask any of these companies to do these simulations, expecting similar
results that are also close to experimental values.

Although the differences in the results of the four simulation programs are globally not large,
the focus is on the probability of exceedance of a roll angle larger than 30°. Only an event with such a
roll angle is classified as a parametric roll event. Looking at the results in this way, there are important
differences in the four simulation programs. The order of the results of the programs, in the sense of
the one predicting the largest probability for ¢ > 30° to the one predicting the lowest probability, is not
the same for the three conditions.

Itis acknowledged that the results of this study raise questions regarding the cause of the differences.
An investigation into the cause of the differences was outside the scope of the present study, but it
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is the logical next step to take. Essentially, this next step consists of two phases: first, to find
reasons for the differences between the simulation programs as they are now and to reduce them,
and secondly to improve the accuracy of all the programs. The discussion presented here suggests
possible improvements for this second phase.

9.2. Modelling the Waves

It is concluded from the results of this study that, although roll damping is a crucial effect, using the
same roll damping model does not guarantee identical results when different simulation programs are
being used. Apparently, other aspects are important as well. One of the candidate aspects is the model for
the irregular seas. All programs use a linear combination of wave frequencies, but the number and the
choice of values for the frequencies also play roles. A comparison in regular waves of these same programs,
as done by Kapsenberg [3], showed important differences for the threshold wave amplitude, but the roll
angle of parametric roll in 2.5- and 3.0-m wave amplitudes was similar. On the other hand, the deterministic
comparison was made with a defined number of frequencies, amplitudes and phase angles. In that sense,
the input was identical for programs Sim-2 and Sim-3. This identical input resulted in similar heave and
pitch motions for the case of the 7-m sea state (Figure 9), but there were rather different results for those
parameters in the case of the 8-m sea state (Figure 10).

9.3. Variation in the Stability

The physical explanation of parametric roll is classically based on roll stability variations when a
vessel sails in waves (Paulling [26]). The time-dependent roll stability leads to the Mathieu equation,
Equation (5), which is the simplest mathematical model for predicting the probability of parametric roll.
The Mathieu equation is a linear differential equation, in which an oscillating restoring term with
amplitude k-m is added to the constant restoring coefficient k. The solution of the Mathieu equation
can be illustrated in a figure, known as the Ince-Strutt diagram, Figure 14. This figure shows
areas with stable (bounded) and unstable (unbounded) solutions that predict parametric roll events
reasonably well.

¢ +k[1—m cos(wt)]p =0 (5)
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Figure 14. Results of the Mathieu equation, the Ince-Strutt diagram. The figure shows stable (white)
and unstable (shaded) regions, depending on restoring term k and amplitude of the stability variation m.
(Figure reproduced from Butikov [27]).

The time-dependent roll stability term is a necessary prerequisite in a mathematical model to
predict parametric roll. Practical implementations of this effect in mathematical models are usually
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based on the calculation of the wave elevation along the hull for each time step. This calculation often
uses the undisturbed wave and the motions of the ship to determine the wetted surface. The force is then
determined by a pressure integration; the pressure above the calm water surface is determined by the
hydrostatic component only, or by using Wheeler stretching [22] for the dynamic part. This non-linear
restoring term is often accompanied by a non-linear roll damping term, but other components of the
equations of motion are based on linear theories.

9.4. Roll Damping

The use of experimental values for the roll damping does not guarantee that all problems related
to this parameter have been solved. An important part of the roll damping is due to the bilge keels.
The potential flow damping is low, due to the long natural roll period. The roll damping contributions,
as a function of the forward speed, are shown in Figure 15. The roll damping in this figure is based on
Ikeda’s method. The calculation is essentially based on a forced motion in calm water, and as such
the results are directly comparable to the roll decay and forced moment tests done in this campaign.
In waves, the situation is different; the forces on the bilge keels are partly due to the velocities of the
incoming and diffracted wave. This contribution is neglected in Ikeda’s method.
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Figure 15. Roll damping contributions for the KCS, LC-1, at the natural roll period (Tg =23.4s)as a
function of the forward speed. The figure shows the contribution of different components: Potential
flow component including the effect of forward speed, the eddy damping component, the lift component
and the bilge keel component. For Vs = 8 kn, the bilge keels provide 56% of the total roll damping.

9.5. Relation between Parametric Roll Amplitude and Wave Height

The relation between the amplitude of the parametric roll angle and the wave height is very
non-linear. First, there is a threshold wave height below which parametric roll does not occur. Secondly,
it appears that the roll angle stabilises at some wave height, and does not further increase. These effects
were also quite apparent in the results of the regular waves tests (see Kapsenberg et al.) [3].

It has been accepted [28] that the magnitude of the roll damping is largely responsible for the
value of the threshold wave height. Therefore, it could be advisable to increase speed in order to
increase the roll damping and hence to reduce the risk of parametric roll. The effect of forward speed
was noted in the experiments in regular waves; tests at a speed of 10 kn did not show a tendency for
parametric roll. If this statement is accepted, it should matter a lot if a second or a third order model is
used to describe the damping, as shown in Figure 1 (the damping for ¢ = 0 is a factor different between
these two models).

It is not clear why the roll motion stabilises at a certain wave height. There is a publication
that suggest that the amplitude even decreases in very high waves; Hashimoto et al. [29] showed
experimental results that indicated a decrease of the parametric roll angle for a wave steepness > 0.05.
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Since the wave-length of interest is in the order of the ship length, this is a wave with a height of more
than 11 m, which is the order of the draft of the KCS. This is an extreme condition by all standards.
A less extreme explanation might lie in the third order behaviour of the damping curve (Figure 1).
A parametric roll excitation that increases linearly with the roll angle explains both the threshold wave
amplitude and the stabilisation of the roll angle. This point will be developed in the next paragraph.

9.6. Nonlinear Diffraction

The non-linear effect of the incoming wave is accounted for by calculating the wetted surface of
the hull at each time step. The Froude—Krylov force is then based on a pressure integration over the
wetted hull. The presented simulation programs all include just the linear diffraction forces. It has
been suggested by Dallinga [30] and Bu et al. [31] that the non-linear diffraction forces play a role in
the occurrence of parametric roll events. Dallinga [30] used linear calculations on a heeled vessel to
estimate non-linear diffraction effects. Bu et al. [31] used a more complicated (and more CPU-intensive)
hydrodynamic model, a body-exact method, to calculate the hydrodynamic forces at each time instant
using a new panelisation. They compared results of stability calculations in waves using the body-exact
method to results of a linear program and a heeled vessel, similar to Dallinga. They found perfect
agreement for small angles of heel (up to 12°) and some differences for large angles. Limited results
were shown for parametric roll calculations; for one condition it appeared that the predicted roll
amplitude was similar when comparing the two methods. The effect on the onset of parametric roll
was not studied.

It is proposed here to use the approach of a linear diffraction program, and to approximate
non-linear diffraction by using a heeled vessel in the input. Calculations were carried out for the
KCS vessel in the LC-1 condition, at a speed of 8 kn, in head seas at three angles of heel (¢ =2.5°,
5.0° and 10°). The natural roll frequency for this condition is w = 0.266 rad/s. The condition that the
wave-encounter period is twice the roll natural frequency corresponds to an earth fixed wave frequency
wq = 0.448 rad/s. Figure 16 (left) shows the results of the calculation at this frequency. The excitation
and diffraction roll moments (F4) are split into a component in-phase with the roll motion, Re{F4},
and a component in-phase with the roll velocity, Im{F4}. There appears to be a significant effect on
both components, whether including the diffraction force or not. For both components, it results in
a significant reduction of the magnitude. The same figure has been made for the KCS in the LC-12
loading condition in following waves [Figure 16 (right)]. The natural roll frequency for this loading
condition is w = 0.184 rad/s; this corresponds, in following waves and a speed Vs = 8 kn, to an earth
fixed wave frequency wg = 0.456 rad/s. Figure 16 (right) shows that the effect of adding the diffraction
roll moment to the excitation is much smaller than for the head seas case.
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Figure 16. Roll moment due to incoming wave only, and due to incoming + diffracted wave as a
function of the initial heel angle. The moment has been split into two components; one component
in-phase with the roll motion, Re{F4}, and the other component in-phase with the roll velocity,
Im{F4}. Left: Results are for KCS, LC-1, wy = 0.45 rad/s, Hd = 180° and Vs = 8 kn; Right: KCS, LC-12,
wo = 0.45 rad/s, Hd = 0° and Vs = 8 kn.
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Note that this frequency corresponds to a wave-length that is similar to the critical condition in
head seas, the wave-length to ship-length ratio is 1.3.

Another observation that can be based on Figure 16 is that both moments, due to the incoming
and the diffracted wave, are linear, with respect to the heel angle. This means that this moment
(in head and following seas) can be modelled as:

F4 = @F4, cos(wet + €ry) ©)

We assume that the roll motion ¢ is also oscillating as a harmonic function, with amplitude ¢,
and frequency w,. We define the phase angle of the roll as zero, so the phase angle in Equation (5) is
relative to the roll motion. If we introduce this harmonic oscillation of the roll motion in Equation (5),
we have:

F4 = %(paFéLg [cos(a)et +epg— a)q,t) + Cos(wef +€r4 + w({,t)] )

The classical condition for parametric roll is:
we = 2wg ®)

When this is substituted into Equation (6), we arrive at:

F4 = %(paFALu[cos(w@t + Ep4) + cos(?;wq)t + €F4)] 9)

This equation shows that a vessel sailing in waves with an encounter frequency of twice the
roll natural frequency experiences an excitation in the roll natural frequency and in a frequency of
three times the roll natural frequency. Both components contribute to the energy input of the vessel,
which should be compensated for by the roll damping.

Similar to the derivation above, the expressions for the non-linear damping and the oscillating
part of the restoring force also result in w,t and 3w, t terms in the equation of motion. The ship will
respond mainly on the w, terms; a force oscillating with three times the natural frequency does not
provoke a significant response.

9.7. Effect of Water on Deck

Another component of nonlinear excitation may come from the water on the submerged deck.
This topic has been investigated for a vessel at zero speed (FPSO) by Greco et al. [32]; they found that
the water on deck had a limited effect on parametric roll. In this case, it has been found that water on
the deck has a significant effect on extreme roll angles. There will of course be no effect on the onset
of parametric roll. Once parametric roll occurs, and as the roll motion grows, the edge of the deck
surface may be submerged, and the water on deck is detrimental to the stability of the vessel, and will
increase the roll response. For the irregular following seas with Hs = 4 m, the simulated roll motions
and a corresponding snapshot of a submerged deck edge are shown in Figure 17. A deck-in-water
model, considering hydrostatic and Froude-Krylov pressures, is applied to the submerged deck surface.
The figure shows that water on the deck increases the extreme roll angles larger than 30°. This result
demonstrates the importance of accurate deck modelling in the numerical simulations, as well as in
the model experiments, to determine the probability of parametric roll, as it is defined here.
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Figure 17. Snapshot from a simulated maximum roll angle with water on the deck (left). Probability of

exceedance for the values of the positive roll peaks with water on deck in the simulation (WoD) or

no water on deck (No WoD) is shown together with the experimental result. The plot is based on

10 realisations of 3 h durations each, condition: following waves, Hs =4 m, Tp = 13.5s, Vs = 8 kn.

10. Conclusions

This article presents results of a comparison study of different numerical simulation programs,
and dedicated model experiments on the topic of parametric roll. The conditions for the experiments
and simulations consisted of head and following seas in high and moderate sea states, respectively.
The speed of the subject vessel, the Korean Container Ship KCS, was about 8 kn, which is a realistic
speed considering the sea conditions.

It appeared that parametric roll occurred frequently, both in the simulations and in the experiments.
Similar to an earlier similar comparison of the same vessel in regular waves, the simulations showed
more parametric roll events than were measured during the experiments. This was in particular the
case for events with medium extreme values in the head seas condition.

It cannot be concluded that these simulations are always conservative or always non-conservative.
Sometimes they are conservative, sometimes they are not. A complicating factor is that the extreme
roll motions in a 7-m sea state appear to be larger than those in an 8-m sea state (with the same period
and at the same speed).

The differences between the various simulation programs are not very large, considering the
extreme value distributions of the roll motions. However, if one considers the probability of a roll angle
large enough to classify the event as parametric roll (roll angle > 30°), there are important differences.
This is also illustrated by the bar diagrams giving the number of events in a certain roll angle range
[Figures 8 and 11 (right)].

For a validation study, one needs to compare converged statistical results. Convergence was
shown for the simulations by considering 10 realisations of 3 h each. For the experiments, it could
be shown that convergence was not achieved for 3-h experiments. To prove convergence, a series of
experiments with different seeds is necessary, but a duration of 3 h might not be necessary.

The considered simulation programs do not model non-linear effects of the diffraction forces.
It has been shown, by using a linear diffraction program for a heeled vessel, that the effect of the
non-linear diffraction force is important (more so in head seas than in following seas). This suggests
that a useful improvement of simulation programs can be made by adding this effect.
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Abstract: This paper presents a numerical model for the smart detection of synchronous and
parametric roll resonance of a ship. The model implements manoeuvring equations superimposed
onto ship dynamics in waves. It also features suited autopilot and rudder actuator models, aiming
at a fair depiction of the control delay. The developed method is able to identify and distinguish
between synchronous and parametric roll resonance, based on the estimation of encounter wave
period from ship motions. Therefore, it could be useful as a smart tool for manned vessels and, also,
in the perspective of unmanned and autonomous vessels (in the paper it is assumed a hypothetical
remote crew). Once the resonance threat is identified, different evasive actions are simulated and
compared, based on course and speed change. Calculations are carried out on a ro-ro pax vessel
vulnerable to parametric roll. We conclude that, in roll resonance situations, and in the absence of roll
stabilisation systems on-board, course change could be the most effective countermeasure.

Keywords: ship dynamics; ship manoeuvring; numerical simulations; parametric and synchronous
roll; smart vessels

1. Introduction

Recent interest in smart ships brings out new possibilities in vessel operations but, at the same
time, involves new challenges [1,2]. Regarding the smart tool development for supporting crew
decisions on manned ships, the smart vessel concept extends to unmanned and autonomous ships
with several levels of automation. The unmanned ship is expected to be operated by remote actions
since there would be no crew on-board. Therefore, the vessel has to be equipped with an extensive set
of sensors concerning videos, acceleration and motion tracking, accounting for redundant tools [3,4].
The decision-making processes performed by the crew, conventionally based on physical perceptions,
have to be moved to a digital perception of the reality. The autonomous ship is expected to operate
without any human action, independently from the presence of crew on-board. The vessel is provided
with smart tools capable of elaborating sensor signals and making decisions on ship routing and
operation, autonomously. This is particularly relevant for decision-making processes, conventionally
performed by humans, and the resulting choices.

One of the main concerns about smart vessels regards the assessment of ship safety [5-7], with the
development and establishment of dedicated rules. Such regulations on autonomous/remote ships
are currently under development by the classification societies [8]. The ship usually faces several
troublesome situations during navigation. This paper focuses on excessive motions arising from
parametric and synchronous roll, that are responsible for large accelerations with severe consequences
for ship safety. Parametric roll resonance depends on the variation of the immersed hull in waves and
can happen mainly in head/following seas, but even in oblique waves. The most severe condition for
triggering parametric resonance is characterised by an encounter wave period that is half of the natural
roll period. Weaker parametric resonance also can be observed for an encounter wave period equal to
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a natural roll period, although this might be confused with synchronous roll resonance, especially in
oblique seas. Indeed, synchronous roll resonance, depending on the agreement of encounter wave
period and natural roll period, can happen for oblique and beam waves, while for head and following
seas no roll motion is expected. Herein, weaker parametric resonance scenarios (characterised by
anatural roll period equal to the wave period) are not under investigation, nevertheless, the developed
method is expected to identify them as synchronous roll threats. Specifically, ships prone to parametric
roll could develop large roll motions and, thus, lead to dangerous scenarios such as cargo shifting [9,10]
or even capsizing. Nevertheless, synchronous roll, which indeed can happen more frequently and for
all ship types, could lead to unpleasant consequences [11,12].

Considering the perspective of a smart ship, according to the guidelines developed by DNV-GL [§],
a breakdown of ship functions involves the following features: condition detection, condition analysis,
action planning and action control (i.e., execution). Route planning is an important aspect to take care
of since it aims at critical scenario forecasting before setting out to sea. Regarding the avoidance of
excessive roll motions and accelerations, route planning mainly employs polar diagrams or similar
methods [13-17]. However, it has been recognised that real-time applications of such tools for condition
detection and analysis would be difficult [18], especially when a ship navigates in unexpected or
accidental operational conditions not covered by the diagrams. Several methods were developed
and presented by the authors of [19-22] mainly for the detection of parametric roll resonance, aiming
at providing on-board decision support systems during navigation. However, they disregard the
synchronous roll. Dealing with roll resonance phenomena, the measurement and identification of the
wave period and heading during navigation are crucial. One of the novel aspects of this paper is the
development of a reliable autonomous system, able to replace the crew perception of the sea state,
aiming at the detection and analysis of the resonance threats. The research focuses on three different
approaches for determining encounter wave periods in irregular waves, based on the measurements
of heave and pitch motions. This follows the idea of exploiting ship motions as estimators of sea
state characteristics [23,24]. These three approaches refer respectively to: FFT (Fast Fourier Transform)
analysis, time-domain assessment, and Hilbert transform. Except for the Hilbert-based approach,
the first two were already introduced in a previous research paper [25], where they were applied
separately. Herein, all three proposed approaches are simultaneously applied and compared, aiming at
the evaluation of a more reliable prediction. Therefore, the current paper concerns the enhancement of
an autonomous routine for condition detection and analysis; moreover, it also aims at providing novel
insights regarding action planning and control execution that, for the purpose of the paper, are assumed
up to the crew. Indeed, in the reference paper [25], the analysis was limited to the identification of the
excessive roll motion threats once the whole time history was achieved from the numerical simulations,
with no possibility of controlling the speed and heading of the vessel during the run. The first part of
the current research deals with the implementation of the method for condition detection and analysis
within the time domain simulations for real-time threat identification. The investigation of action
planning and control execution features the development of a numerical model that includes the main
ship control systems for executing the evasive action by modifying the speed or course. The latter
requires the implementation of the rudder actuator and autopilot models [26]. This implementation
aims at enhancing the estimation of ship behaviour once the control is executed. The outcomes of
selected case studies, involving the detection of parametric and synchronous roll resonance, followed
by the executions of different evasive actions, provide novel knowledge on the best countermeasure to
different critical scenarios.

The ship under study is a ro-ro pax ferry named Seatech-D. Despite the smart tool developed
herein being intended for both manned and unmanned ships, it might be questioned that a passenger
ferry is not a realistic candidate for becoming an unmanned or autonomous vessel for near-future
industrial applications. Indeed, in this research, the hull is mainly used for testing the developed
method: regarding Seatech-D, experimental campaign data regarding a self-propelled turning circle in
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irregular waves and straight runs in oblique irregular waves are available [27,28]. Therefore, for the
scope of the current applications, it is considered appropriate.

The paper is structured as follows. First, a brief description of the numerical model for ship
dynamics is given, with particular relevance to the rudder and steering actions. Then, the parametric
and synchronous roll detection routine is applied to the numerical simulations. Once a threat is
identified, the control of the vessel is performed and the obtained results on evasive actions are further
discussed. Finally, conclusions are drawn.

2. Numerical Model for Ship Control in Irregular Waves

The numerical model is based on a combination of sea-keeping and manoeuvring motions in
irregular seas, as presented by the authors of [29,30], accounting for all the pertinent non-linearities.
The previous researches employed the computer program LAIDYN coded in Fortran [29], well known
in the technical literature and validated through several benchmark studies [31-33]. Differently,
the current numerical model is implemented in a Matlab/Simulink environment and it features novel
approaches regarding autopilot and steering actions, thus aiming at a more realistic application of ship
control attitude in adverse sea states.

A suitable superposition of sea-keeping and manoeuvring motions guarantees a fair agreement of
the numerical outcomes with the available experimental data. This is carried out by assuming that
the added mass coefficients for an infinite frequency are valid for both sea-keeping and manoeuvring
models; while the damping coefficients, corresponding to the sway—yaw motions, refer only to the
manoeuvring derivatives (i.e., radiated wave effects are excluded). The damping actions, in the
remaining degrees of freedom, are implemented by the convolution integral technique [34]. Rudder
forces develop in agreement with the instantaneous angle of attack and speed at the blade location,
as explained by the authors of [29,30]. Differently from the reference papers, the effects of propeller
action on the rudder flow are disregarded herein. This would induce an error on the velocity at the
rudder blade, while in the current simulations no appreciable differences were found by comparing the
numerical and the experimental turning circle results. Concerning the scope of the research, the small
approximation regarding the propeller action on the rudder flow is considered tolerable.

The propeller thrust is achieved by a fixed revolution approach, which involves a modification of
the ship speed due to the wave actions. The obtained wave resistance in the numerical simulation
(i.e., all wave actions in the x-axis, body reference frame), does not account for second-order effects.
The current numerical model gives the possibility to modify ship heading (through rudder deflection)
and propeller revolution during the simulation. Particularly, the rudder angle changes accounting for
a realistic delay in both the autopilot and the steering control laws.

The main objective of ship manoeuvring is to control the heading angle of the ship. This is
conventionally carried out, in the majority of vessels, by rudder actions that ensure course keeping and
course change. The control system must alter the control surfaces to a desired heading angle; the rudder
deflection angle can be set manually (as usually done by the helmsman) or autonomously employing an
autopilot. The current model implements a PID (proportional, integral, derivative) autopilot, capable
of controlling rudder deflection to achieve the desired heading angle. The proportional, integral and
derivative constants are set by the “trial and error” approach, to ensure a suitable control action in
waves; the integral action is almost negligible compared to the others.

It is important to underline that the desired rudder angle, as required by the autopilot, cannot be
achieved instantaneously due to the damping (provided by the surrounding fluid) and the inertia
(due to the rudder shape and weight distribution). Thus, the torque for turning the rudder, provided by
a hydraulic actuator, has to compensate for several effects and the rudder turn dynamics are modelled
by a second-order linear system. This aims at a more realistic control approach [26].
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3. Case Study

The ship under investigation is a monohull ro-ro pax ferry, named Seatech-D, whose main
particulars are given in Table 1. This hull was developed and investigated at the Aalto University in
terms of resistance, stability, and sea-keeping tests. Additional details can be found in Stigler and
Matusiak [28,29]. Particularly, for section plans and ship drawings refer to Stigler [28].

Table 1. Principal particulars of Seatech-D.

Dimension/Hull Seatech-D

Length between perpendiculars, L (m) 158.00
Breadth, B (m) 25.00

Depth, D (m) 15.00

Draft forward, T (m) 6.10

Draft aft, T (m) 6.10
Displacement, A (tons) 13,766
Center of gravity above keel, KG (m) 11.834
Long. coordinate of the center of gravity measured from aft perpendicular, LCG (m) 74.77
Transv. radius of gyration in air, kxx (m) 10.06
Long. radius of gyration in air, kyy (m) 39.36

Concerning this hull, experimental data regarding straight runs in oblique seas and turning circles
in irregular waves are available [27,28]. The hull model is not equipped with bilge keels.

The comparisons with the straight runs in oblique waves have been already presented [11],
showing a fine match of the results (assessed by superposition of the numerical and experimental
data, checking the agreement of the overlapping curves). Figure 1 shows a turning circle simulation,
carried out by the numerical model under development herein. Irregular sea refers to JONSWAP
spectrum with a zero-crossing period Tz = 5.5 s, and significant wave height Hg = 4.8 m, and it is
discretised by N = 30 wave components; ship speed is set Vs = 8.40 m/s and rudder deflection is & = 20°
(in ship scale). Turning path results are in model scale 1:39, the remaining outcomes refer to ship
scale. There is an overall fair agreement between the turning diameter and the roll motion behaviour,
as observed from the reference experimental and numerical data [27,28].
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Figure 1. Turning circle in irregular waves JONSWAP T = 5.5 s, Hg = 4.8 m, N = 30 wave components,
Vs =8.40 m/s, 5 = 20° in ship scale). Turning path on the left-hand side (model scale); Roll and sway
angles on the right-hand side (ship scale).

All details about the turning circle conditions are given (in ship scale) in the Figure 1 caption.
The ship performs three turns in less than 1200 s and, consequently, she experiences three times an
amplification of the roll motions due to the resonance between the natural roll period (Ty = 17.5 s) and
encounter period Tg. The latter accounts for the variation of wave heading and ship speed during the
turn. This test ensures the reliability of the implemented models for rudder actions (for a constant
deflection) and ship manoeuvring, superimposed onto the vessel dynamics in irregular waves.
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The rudder actuator model implements inertia, damping, restoring and PID coefficients that
are needed for the rudder turn execution, derived from design considerations. These coefficients
are assumed to ensure that the time to deflect the rudder in still water from 6 = —-30° to § = 35°
remains below 28 s [35], in the absence of detailed data. A numerical application of this deflection
test for Seatech-D is shown in Figure 2: rudder deflection starts from & = —30° at 101 s and reaches
approximately & = 35° at 127 s. The rate of turn & does not exceed 7.5 deg/s.

40 T T T T EEEEREEREREEmEE
35 [|——4 (deg)
59|14 (deg/s)

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150
t(s)

Figure 2. Example of a rudder deflection test from —30° to 35° at operational speed in still water.

Despite the simplifying assumptions adopted herein, the outcomes of the turning circle and
rudder deflection tests provide a satisfactory behaviour of the numerical model in representing ship
dynamics and the steering action in a realistic manner.

3.1. Autonomous Detection of the Excessive Roll Motions

The autonomous detection system for excessive roll threats in severe seas features a constant
monitoring of the sea state, i.e., it estimates the wave encounter period through measurements and
analysis of heave and pitch motions. The system measures roll motions alongside, focusing on average
roll amplitude, and all data are processed every 90 s. Once the estimated wave encounter period falls
within 40-60% (or 80-120%) of the known natural period (Ty) of the ship, and mean roll amplitude
exceeds a certain threshold, the autonomous detection system forwards an alert signal of parametric
(or synchronous) roll. This alert could be sent to an on-board crew or a remote one, depending on
a manned or unmanned ship (in the remaining of the paper it is assumed a hypothetical remote crew).
This resembles the first part of the approach developed by Acanfora [25], i.e., autonomous detection
and alert identification.

Following the alert signal, the crew examines the ship behaviour and operational condition and,
consequently, it takes an evasive action by changing the speed (controlling the propeller revolution) or
by changing the heading (setting the autopilot and, thus, affecting rudder deflection). The simulation
of the countermeasure actions and the corresponding effectiveness analysis represent the novel aspect
of this research. Besides, in the current applications, it is assumed that the crew always takes an evasive
action once a roll resonance threat is detected, although it could decide not to intervene.

3.2. Techniques for Monitoring Encounter Wave Period and Roll Amplitude

The need for a reliable assessment of the encounter wave period is directly correlated to a correct
interpretation of the reason behind the development of large roll motions. When the encounter period
of the waves and the natural roll period of the ship fall close to the ratio 1:2 (that is T = Tn/2),
with large roll amplitudes even in relatively moderate wave heights, then a parametric resonance could
reasonably be identified. Pitch and heave motions are adopted as indicators of sea state by processing
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the time history samples every 90 s with a frequency of 5 Hz. Indeed, these are two signals that
exhibit a well-established linear behaviour, related to the encounter wave period. The peak periods
of each sample of pitch and heave (Ty and T; respectively) are assumed as the current encounter
wave period Ty,. The adoption of three techniques for each signal, listed and briefly explained below,
can help in identifying the most reliable approach and can improve redundancy. FFT analysis (T and
TC are the peak values of the pitch and heave spectra, obtained by the 90 s samples of pitch and
heave, respectively). Mean period of the peaks from the time history (M is the number of the peaks,
referring to heave-subscript ¢ and pitch-subscript 0 respectively, within the 90 s samples):

Hilbert transform analysis of pitch 6(f) and heave ((t) samples [36]:

—+00

zo = O(t) +iH[O(t)] = O(t) + i%P.V.f %d’[ = Ag(t)eo®

—00

- 27
To=1/T e
o=1/ j;dkg(t)/dt g

+o00
ze = C(t) + H[C(8)] = C(8) + i%P.V.f f(_—idz = Ag(t)eke®

= 21
T.=1/T | —&
=1 dekC(t)/dth

where A is the signal instantaneous amplitude and k is the signal instantaneous phase, referring to
heave-subscript C and pitch-subscript 6 respectively, within the 90 s samples.

Along these lines, three values of the period for each motion sample are available. Redundant
values of Ty, estimated utilising Ty and T¢, can be achieved. A single value of the period is obtained
as a mean value among the three; however, in the case of a large disagreement among them, they are
considered separately.

The parametric roll (PAR) alert is set as follows:

1 if g = Puenand 0.4 < Tyy/Tn < 0.6
0 if ¢A < ‘Pulerf

where ¢4 is the average value of roll amplitude, estimated from the measurement of roll motion in the
same time range of heave and pitch. Thus, the Hilbert transform approach is employed:

PARjngex = {

+00
zp = ¢(t) + iH[p(t)] = ¢(t) +i%P.V.f ‘ff—?m = Ag(t)eo®) g2 = 1/TfTA§,(t)dT

When there is a scenario involving synchronous (S) roll resonance, the corresponding alert index

is set as: _
1if ¢a > Puperp and 0.8 < Ty /Ty < 1.2
Sindex =

0 Zf (p/\ < (Palert

Regarding an alert scenario, a threshold value between 10-15° should be expected [25]. Since this
alert refers to possible developments of roll resonance in an early stage, a moderate roll amplitude is
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considered adequate for setting the alert. During the current simulation, it is set to ¢ = 12.5°, as a
mean value between 10-15°.

4. Results and Discussions

4.1. Parametric Roll Scenario

The autonomous detection technique operates on two redundant wave period values (one on
the heave, one on the pitch, as mean values among the three techniques introduced above); therefore,
two alert indexes are provided. When at least one of these two values becomes equal to one, then the
system forwards the alert signal immediately to the remote crew. Once the alert is sent, the reaction
time would depend on the preparedness of the remote crew, while the control action would depend on
its expertise and experience.

The following applications show an example of the autonomous detection of large parametric
roll motions together with some possible remote crew actions. The case study involves an irregular
sea state modeled by a JONSWAP spectrum with Hg = 4.5 m and Tz = 9.5 s (peak period Tp = 12.2 5).
It is implemented by exploiting the technique proposed by Acanfora [11], adopting N = 30 wave
components. This irregular sea scenario, together with a ship sailing in the head sea direction with
a speed of Vg = 8.4 m/s (that is around 16 knots), can lead to the development of parametric roll.
The initial ship heading in the simulation, is set at {) = 175° to introduce a small perturbation (for a
faster development of parametric resonance within the numerical model). The autonomous detection
technique applies to the sample critical scenario, regarding which the remote crew might intervene
with three different actions to modify the operational condition: change of heading of 15°, change of
heading of 30° or speed reduction of 5 knots. Concerning a fair comparison between the outcomes,
each numerical run is based on the same wave realisation. Figure 3 shows the effects on ship dynamics
when changing the vessel course of 15°. Figure 3A (left-hand side) regards ship dynamics and control
actions, while Figure 3B (right-hand side) focuses on the alert detection and on the effects of the control
application. It is possible to observe that large roll motions, in head sea, start developing after 12 min
of navigation (i.e., around 720 s). The PARjdex becomes equal to 1, i.e., the alert signal is sent to the
remote crew, with 90 s of delay. This corresponds to the sample time that the system takes to assess the
current alert state of the ship.

Regarding these applications, in the absence of precise and dedicated data, it is assumed that the
remote operator reacts within 30 s after the alert signal and quickly sets the autopilot to change the
course by 15°. The ship change of heading to 1\ = 160° does not produce any appreciable change to roll
motions i.e., the hull is still within the parametric resonance condition. An additional change of course
by 15°, leading to 1 = 145°, is effective in bringing the hull out of resonance, with moderate roll motions.
Under such circumstances, it takes time to judge that the first change of heading was ineffective, thus,
parametric roll lasts quite a long time before moving out from the resonance range. The best approach,
in terms of incisive countermeasures to parametric roll, is the immediate change of course by 30°,
soon after the alert is identified (see Figure 4). Once the command is fed to the autopilot, the PARjpqex
returns to zero after 4 min, which means that the parametric roll extinguishes after 2.5 min (i.e., 90 s in
advance of the PARjngex). However, this choice would result in a quite significant re-scheduling of the
ship route, although it guarantees a quick and effective action.

Another feasible approach, to avoid route modification, is the action involving a speed reduction,
thus tolerating a slowdown due to the adverse weather conditions. Seen in Figure 5, a speed reduction
of 5 knots is adopted as a countermeasure against parametric roll. However, the results in Figure 5A
(left-hand side) and Figure 5B (right-hand side) show that this approach is not fully effective. The roll
motion mitigates, but it does not extinguish completely. This is supported by the evidence that the
PARjngex does not remain equal to zero after the speed reduction (especially the PARjngex related to
pitch motion). Therefore, among the proposed actions, the speed reduction appears the least reliable
and the least safe. A further reduction in speed would not guarantee a feasible alternative, not only
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from a routing point of view, it would be detrimental for vessel directional stability and course keeping,
also leading to less dampened ship motions.
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Figure 3. Parametric roll and course change of 15° plus 15° in irregular waves JONSWAP Tz =9.5s,
Tp=122s,Hg =4.5m, N =30, Vg = 8.40 m/s, = 175°). (A) Ship dynamics outcomes; (B) Alert and
control outcomes.
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Figure 4. Parametric roll and course change of 30° in irregular waves JONSWAP Tz =9.5s Tp =122 s,
Hs=4.5m,N =30, Vs =8.40m/s,p =175°). (A) Ship dynamics outcomes; (B) Alert and control outcomes.
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Figure 5. Parametric roll and speed reduction in irregular waves JONSWAP Tz =9.5s, Tp = 1225,
Hs=45m, N = 30, Vg = 840 m/s, = 175°). (A) Ship dynamics outcomes; (B) Alert and
control outcomes.

4.2. Synchronous Roll Scenario

Large roll motions can generally arise in the event of synchronous resonance. This phenomenon
is critical for all ship types and it is a more frequent issue during ship navigation than parametric
roll resonance. Therefore, the autonomous detection system has to provide alerts also in the case of
synchronous roll threats.

Synchronous resonance is found for the operational condition in irregular sea characterised by
Tz = 5.5 s (peak period Tp = 7.1 s), Hs = 6 m, with ship speed Vg = 8.40 m/s and heading 1\ = 45°.
While for parametric roll case all three techniques provided comparable periods, thus improving the
redundancy of the system, actually this is not confirmed by the outcomes of synchronous resonance
case. Figure 6 yields an overview of the accuracy of the wave period estimation related to the alert
index Singex- It appears that Ty, Obtained as the mean value among FFT, Hilbert and Peak calculated
periods, leads to underestimated alert conditions. Indeed, if we evaluate the Si,qex Separately for every
single period, the FFT-based value is the most effective in alert detection, although it shows a larger
variation in time. Conversely, the Peak-based value does not provide any alert signal in the whole
time range. However, all approaches fail around 200-300 s, when ¢4 exceeds 12.5°, and none of them
identifies the alert. This issue also could be linked to the heading corresponding to the case study.
The parametric resonance case was investigated in the head sea range, where heave and pitch motions
are predominant, while the synchronous resonance case was investigated in the stern-quartering sea,
where all motions develop. Moreover, the latter case also included larger autopilot actions for course
keeping in oblique waves, characterized by low-frequency manoeuvring motions. All this might affect
the fine development of heave and pitch motions in accordance with the wave period, when the ship
operates in the stern-quartering sea. Nevertheless, these considerations bring out some limits in the
proposed techniques that should be further analysed for assessing the most robust approach.

Alternatively, the alert could be assessed by focusing on roll amplitude only, leaving the
autonomous detection of Sipgex Versus PARjnqey as discretionary indicators. Thus, the remote crew
should judge between synchronous or parametric resonance by looking at the different weights of Ty
Nevertheless, based on the application outcomes for the Seatech-D hull, the identification of the type
of resonance has a great relevance in the type of countermeasure to adopt.
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Figure 6. Synchronous roll and comparison of alert based on wave period estimation; irregular waves
(JONSWAP Tz =555, Tp =7.1s, Hs = 6 m, N = 30, Vg = 8.40 m/s, \ = 45°).

Particularly, once the alert is provided (around 1200 s) it appears that synchronous roll resonance
extinguishes more easily than parametric resonance. Indeed, small changes in the heading (see Figure 7)
and a modest reduction in ship speed (see Figure 8) guarantee the resolution to large roll motions.
Figure 7 shows the dynamics of the ship to a course change of 15° given at 1230 s: roll amplitudes
reduce significantly.
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Figure 7. Synchronous roll avoidance by a course change of 15°; irregular waves JONSWAP Tz =5.55,
Tp=7.1s,Hg=6m,N =30, Vg = 8.40 m/s, | = 45°).
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Figure 8. Synchronous roll avoidance by a speed reduction of 3.5 knots; irregular waves (JONSWAP
Tz =55s,Tp=7.1s,Hg =6m,N =30, Vg = 840 m/s, p =45°).

It is possible to observe that the oblique sea navigation requires a demanding rudder control for
the course keeping in waves. This also is appreciable in Figure 8, where no course change is expected,
but the rudder still has to operate to keep the initial heading. Moreover, Figure 8 points out that
a speed reduction of around 3.5 knots is as effective as a course change in mitigating roll motions.
Small deviations to initial operational conditions appear sufficient to react to synchronous resonance.

5. Conclusions

In this paper novel techniques for the smart assessment of large roll motions were implemented
by a numerical simulation model trained to idealize the influence of evasive actions on ship dynamics.
Parametric and synchronous roll resonance threats were investigated as applied to a ro-ro pax ship.

The estimation of the wave encounter period exploited the use of the ship as a floating buoy: short
records of pitch and heave motions were processed in three different ways for monitoring their periods
that, in our analysis, correspond to wave periods. The differences among the three adopted techniques
appeared more pronounced for the synchronous roll, while for a parametric roll comparable results
were obtained. However, the numerical simulation outcomes suggest that the most effective technique
was the one based on FFT. The results of the applications pointed out that a proper discernment of
the resonance mechanism between synchronous and parametric rolls is a key factor for choosing and
executing an effective countermeasure. It is worth underlining that this paper did not account for the
effects of active roll stabilisation devices; clearly, in case they were available on-board, their adoption
could help in mitigating roll motion amplitude. During the simulations, a sufficient change of ship
course that corresponded to an adequate modification of the heading angle, appeared more appropriate
than the speed reduction in evading resonance phenomena. Particularly, for extinguishing large roll
motions induced by a parametric resonance, the speed reduction approach was completely ineffective.
Indeed, a course change of 30° was necessary to evade large roll amplitude, while for the synchronous
roll case a change of course by 15°was sufficient.

The numerical model provided fairly accurate results, however, a further step of development
should involve towing tank simulations on a scaled ship hull, to test the applicability of the proposed
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detection method and to check experimentally the more reliable approach for the estimation of the
wave period.

The proposed method was developed keeping in mind future industrial applications on unmanned
cargo ships prone to parametric and/or synchronous roll, to help a remote crew work against excessive
roll motions and accelerations. Nevertheless, the method currently could be applied to manned ships
as a smart tool for supporting crew decisions in distress situations involving roll resonance phenomena.
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Abstract: The demands for lower Energy Efficiency Operational Index (EEQI) reflect the requirements
of international conventions for green shipping. Within this context it is believed that practical
solutions for the dynamic optimization of a ship’s main engine and the reduction of EEOI in
real conditions are useful in terms of improving sustainable shipping operations. In this paper,
we introduce a model for dynamic optimization of the main engine that can improve fuel efficiency
and decrease EEOL The model considers as input environmental factors that influence overall ship
dynamics (e.g., wind speed, wind direction, wave height, water flow speed) and engine revolutions.
Fuel consumption rate and ship speed are taken as outputs. Consequently, a genetic algorithm is
applied to optimize the initial connection weight and threshold of nodes of a neural network (NN)
that is used to predict fuel consumption rate and ship speed. Navigation data from the training
ship “YUMING” are applied to train the network. The genetic algorithm is used to optimize engine
revolution and obtain the lowest EEOI. Results show that the optimization method proposed may
assist with the prediction of lower EEOI in different environmental conditions and operational speed.

Keywords: merchant shipping; EEOI; genetic algorithms; neural networks; ship dynamics

1. Introduction

According to reports from the International Maritime Organization (IMO) [1], unless serious action
is taken, annual CO, emissions from the international shipping industry may increase by 1.5~3.5 times
by 2050. For this reason, vigorous developments regarding ship energy conservation and emission
reduction technologies are essential [2,3].

The Energy Efficiency Operational Index (EEOI) was introduced by the IMO in 2009 to evaluate
the CO, emission performance of a ship. It served as a benchmark tool in monitoring ship and fleet
efficiency performance. The indicator enables operators to measure the fuel efficiency of a ship in
operation and to gauge the effect of any changes in operation [4]. The lower the EEOI is, the better the
performance is.

The CO, emission performance is directly affected by the environmental conditions and ship
sailing state. However, the navigation environment varies with time and sea area. Therefore, the EEOI
cannot be maintained at a lower level all the time. At the same time, fouling of the submerged part of
the hull, degradation of the power plant and fluctuation of engine parameters will bring disadvantages
to ship performance and enlarge the EEOIL Hence, there is a significant economic and environmental
benefit to developing a general optimization method that may help to decrease the EEOI in varying
environmental conditions.
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Harilaos N. Psarafits et al. stated that the ship speed is a decision variable for fuel consumption
and emissions [5]. In fact, most methods applied to improve ship efficiency are to adjust ship speed.
Route and speed optimization are operational procedures that may be used to improve shipping
efficiency and EEOL Inge Norstad et al. used a recursive smoothing algorithm to optimize the
speed for ship routing and scheduling for a tramp ship [6]. Wang Shuai’an et al. conducted an
in-depth analysis on the relationship between fuel consumption and ship speed based on the historical
operational data of a container liner and optimized the ship speed by using nonlinear programming [7].
Ming-Chung Fang et al. applied a heuristic method to optimize ship routing in different weather
conditions [8].

Lower steaming is another kind of validated method for decreasing fuel consumption and the
EEOIL However, such operational strategy is limited by many factors, including the ETA (estimated
time of arrival), fuel price, charter rates, influence of speed reduction on engine efficiency, and so
forth [9,10].

Joan P. Peterse developed a fuel consumption model by way of a machine learning method and
ship navigation data [11]. Benjamin applied a neural network (NN) trained by noon report data to
establish a propulsion power model under hydrostatic conditions [12]. Wang Kai et al. used the
wavelet packet neural network to predict the sea conditions for a short-journey of a sailing ship and
introduced a real-time energy efficiency model under predicted sea conditions [13].

This paper suggests a method that could be used to identify lower EEOI using real time operational
data. An EEOI during a fixed time span is introduced to indicate fuel efficiency. A back propagation
neural network, which is trained by navigation data, is used to predict ship speed and fuel consumption
rate under real environmental conditions. The genetic algorithm is applied to obtain the lowest EEOI
by optimizing the main engine revolution in a fixed time span in real conditions.

2. EEOI Prediction Model
In the guide issued by IMO in 2009 [14], it is shown that the EEOI can be expressed as:

n
Y. Fc.-Cr
EEOl = Meo: _ - - 1
e ()

where Mo, is the carbon dioxide emissions (t), Q is the transport volume (t), Fc/ is the fuel consumption
in the jth voyage segment (t), Cr; is the carbon dioxide conversion factor in the jth voyage segment,
M is the cargo capacity (t), and D is the transport distance (nm).

Transport volume is constant over a single voyage. Therefore, EEOI can be defined as the function
of fuel consumption and transport distance. In practice, fuel consumption rate and ship speed vary.
The fuel consumption over transport distance can be obtained by integration of the fuel consumption
rate and ship speed. If a periodical time interval is applied to the integration, real time EEOI can be
obtained, as shown in Equation (2):

T
Cr [ fedt
0
—
M f vsdt
0

EEOI = (2)

where T is the cycle time (s), fc is the fuel consumption rate (t/s), and vs is the ship speed (m/s).
There is no voyage segment parameter, because there is only one segment in the short cycle time
during a single voyage.
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2.1. Factors

The navigation environment is a complex nonlinear system of systems, the interaction of which
includes ship speed and fuel consumption (see Figure 1). For this reason, sufficient capture and
clustering of big data analytics by neural networks is essential.

$‘$5®

Wind

Velocity
Wind

Direction Ship Speed and
Fuel Cosumption

Wave

Height

Wave
Velocity

Route

Fuel Y
Temperature

Figure 1. The main factors affecting ship speed and fuel consumption.

It is noted that ship draft, navigation attitude and route can be ignored because these parameters
are constant over a voyage.

2.2. Big Data Analytics

Big data collected by the surveillance system are characterized by high Volume, low Veracity, high
Variety, high Velocity, and high Value [15]. The navigation data collected during sailing have the same
5V characteristics. Irrelevant data and errors may result in excessive noise signal traces. It is therefore
essential to pre-process data by following the procedures outlines in Sections 2.2.1-2.2.4 below [16].

2.2.1. Big Data Trimming

Because the vessel may be docked or berthed, some subsets of the data are not only useless but
also may damage the prediction ability of the model. Therefore, these subsets of the data must be
pruned. As shown in Figure 2, the subsets of the data marked by the red ellipse are data collected in
the time period when the ship is in a port or berthing state. The power of the main engine is zero in
these states, and subsets should be pruned. In addition, the acceleration and deceleration processes at
the beginning and end of the data segment should be removed because data do not contribute much in
terms of modeling the entire voyage conditions.

2.2.2. Big Data Synchronization

Un-synchronized data, i.e. data that are not consistent in term of time scales, may result in
inconsistent model input dimensions. In such situations, there is large probability that the input matrix
may be singular matrix and not suitable for long-term vacancies.

From a practical perspective, each data block corresponds to a single trip (see Figure 3). Generally,
all dimensional data should have the same length at the time axis. That is to say, the data from every
factor should entirely overlap. Therefore, the method of synchronizing is to eliminate the part where
the data from factors do not overlap and to choose valuable data from the overlapping zone. Then, an
equal-length data set can be obtained, as shown in Figure 3.
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Figure 3. Data synchronization diagram.

2.2.3. Big Data Normalization

Big data are usually not within the same order of magnitude. If they are directly applied for
training the neural network and the weights of the network nodes will vary greatly, bringing adverse
effects to data analysis results. In order to eliminate the differences, the selected data must be normalized
to achieve comparability among different scales. A common normalization process is to linearly scale
the data and compress it to a closed interval [0,1], as shown in Equation 3:

X —min

*

®G)

"~ max —min’

where x* is the normalized data value, x is the original data value; max is the maximum possible value
in the original data, and min is the minimum possible value in the original data.

2.2.4. Dimensional Reduction Processing

Based on knowledge from ship navigation dynamics and the actual operating experience of the
ship, some variables of the input set may interact and relate to each other. To mine the main variables
and extract key features, it is necessary to carry out dimensional reduction.
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In this paper, an intuitive correlation analysis method was used to reduce the dimensionality of
data [17,18]. Accordingly, Equation 4 was used to calculate the correlation coefficient matrix R:

11 2 ... Tip
R 21 T2 ... T Sxy @
= Tyy = o
N
"mi Tm2 -+ Tmn

where ryy is the sample correlation coefficient, S xy is the sample covariance, Sy is sample X’s standard
deviation, and Syis sample Y’s standard deviation.

The data correlation has been visualized, as shown in Figure 4. The components of the vector
presented are ship speed, distance, main engine revolution (M.E. Rev.), fuel consumption (Fuel Cons.,
which is the total quantity in a fixed time span), fuel consumption rate (F.C. Rate), M.E. power, EEOI,
telegraph order command (Order), wind speed (Wind Spd.), wind direction (Wind Dir.), wave height
(Wave Hgt.) and water flow speed (Flow Spd.). Analysis of data analytics has shown that five variables,
including the telegraph order, engine power, fuel consumption, fuel consumption rate and engine
revolution are strongly correlated with each other. Therefore, these variables were combined into one
influencing factor, “MLE. Rev”. According to Section 2.1, the ship speed and fuel consumption rate
are the two output variables of the model. The water flow speed, wave height, wind direction and
wind speed have different degrees of correlation with the outputs but have weak correlations with
each other or other factors. Therefore, the number of dimensions of input variables finally reduced to
5, including the engine revolution, wind speed, wind direction, wave height, and water flow speed.
These variables were taken as the inputs to the neural network.

Flow Spd.
Wave Hgt.
Wind Dir.
Wind Spd.
Order
EEOI
M.E. Power
F.C. Rate
Fuel Cons
M.E. Rev.
Distance

Ship Spd.

Ship Distance M.E. Fuel F.C. M.E. EEOI Order Wind Wind Wave Flow
Spd. Rev. Cons. Rate Power Spd. Dir.  Hgt. Spd.

Figure 4. Data correlation diagram.

2.3. Construction of the Neural Network

2.3.1. Basic Structure

According to the previous section, the neural network has 5-dimensional inputs and 2-dimensional
outputs. The classic 3-layer BP (Backward Propagation) neural network selected, and the number of
hidden layers was calculated using an empirical formula, as shown in Equation (5):

= Vi +n,+1=V54+2+3=5, (5)
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where 7, is the number of neurons in the hidden layer, #; is the number of nodes in the input layer, 1,
is the number of nodes in the output layer, and / is the number of layers. 1y, is generally a constant
from 0 to 12. The network structure is shown in Figure 5. In this structure, the transfer function of the
hidden layer is the Sigmoid function, and the transfer function of the output layer is a linear function.

Layer Layer

Output

Figure 5. The network structure.

2.3.2. Initial Structure Optimization by the Genetic Algorithm

A genetic algorithm was applied to optimize the initial connection weights and thresholds which
directly affect the approximation ability and adaptability of the network [19,20]. The genetic algorithm
was used to globally optimize the initial connection weights and thresholds of each node in the EEOI
prediction model.

The encoding method of the individual population in the genetic algorithm adopted a simple and
efficient binary coding method. The coding length was set to 30. Each chromosome consisted of a
piece of binary code of the connection weight and threshold, which are generally limited in the search
space [21].

The parameters of the genetic algorithm were specifically set as follows—the fitness function was
the mean square error between the actual output of the neural network and the expected output; the
number of chromosomes was set to 50; the maximum number of iterations was set to 100; the number
of variables was set to 42; the crossover rate of the chromosome was set to 0.92; and the mutation rate
of the chromosome was set to 0.0238.

The genetic algorithm performance tracking is shown in Figure 6. After 40 generations, the
objective value was almost constant. The variation in the fitness value was small after 40 generations.
Therefore, the result after 100 generations can be seen as the optimized value.

After 100 generations of inheritance, the initial weights and bias matrices of the BP network were
obtained, as shown in Appendix A.1 Section. The optimized link weights and bias were assigned to
the EEOI prediction model, and the optimized neural network has been trained using historical data to
update the weights and bias.

2.4. Training the Network

The pretreated 9890 navigation data were used to train the neural network. The mean square
errors of the expected and actual output values were taken as the total error signal. The error back
propagation algorithm was used. The number of iterations was set to 10000. The training was stopped
at the 223th iteration when the mean square error reached 0.911 x 1077. The convergence speed was
greatly improved. The training parameter curve is shown in Figure 7.

The BP neural network parameters after training were shown in Appendix A.2 Section.
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3. Ship Propulsion Model

The trained neural network can predict fuel consumption and ship speed on board. It can also be
applied to the optimization method of EEOL However, the optimized engine revolution cannot be
directly used on board before it has been sufficiently validated. Therefore, a ship propulsion model
comprising of a fixed pitch propeller driven by a low-speed direct reversion marine diesel engine
was built in Simulink to rapidly verify the algorithm [22]. The propulsion model (see Figure 8) could
provide some extra data for the neural network. In this model, the ME module represents the main
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engine, which is a large-scale, low-speed, two-stroke diesel. The prop module represents the propeller.
The ship module models the ship motion. The resistance module is the model of ship’s resistance
when sailing. The wind/wave module simulates the wind and wave force. The Setting Unit is used to
set orders to the model. The monitoring module is used for parameter observation.

wind/wave

Order

Resistance

vFlow

draft

Setting Unit

Monitoring

Figure 8. Ship propulsion model in Simulink.
3.1. Main Engine

The mean value diesel engine model used is a combination of the quasi-steady and volumetric
models and it has been comprehensively used for non-linear control and state observations. Because of
its faster computing speed, the model is widely used. In order to simulate maneuvering conditions,
such as starting, braking and reversing, the model has to be modified to adapt to all-regime
running conditions.

Under reversing working conditions, the engine revolution has to enter a zero crossing situation.
The static friction torque, which is usually ignored under normal conditions, should be considered.
Therefore, the modified friction model was introduced, as shown in Equation (6):

Tru(lnel) *sgn(rne)  Inel = ns
Ty=4T. [1e] < ns&|Te| < Ts, (6)
Ts +sgn(T,) others

where Ty is the friction torque (Nm), T, is the driven torque (Nm), which is the sum of the indicated
torque, starting torque, and propeller resistance torque, T is the maximum static friction torque (Nm),
Ty is the viscous friction torque (Nm), 7, is the engine revolution (rpm), and 7, is the speed dead zone
for changing friction torque direction (rpm). For doing so, friction torque flutter is avoided.

Starting and braking is usually fulfilled by supplying compressed air into cylinders. According to
a force analysis of the crank connecting rod mechanism [22], the mean torque value of compressed air
for a multi-cylinder diesel can be defined as

D?(psa — ps) SN,
Ty = sgn(cam)WB + %[1 _ 1235 ]/ @)

where cam is the direction of the air distributor cam, ps, is the starting air pressure (Pa), ps is the intake
manifold pressure (Pa), S; is the stroke (m), Ny, is the number of cylinders, A is the ratio of the crank
to the connecting rod, and D is the diameter of the cylinder (m).

246



J. Mar. Sci. Eng. 2019, 7, 402

3.2. Propeller

A propeller has four quadrant working conditions that match ship motions. Those are known
as—forward ship velocity/positive propeller rotation, forward velocity/negative rotation, backward
velocity/negative rotation, and backward velocity/positive rotation. Figure 9 shows the thrust coefficient
ky and torque coefficient k;;, as functions of the bounded advanced ratio.

I I
-1 -08 -06 04 -02 0 02 04 06 08 1

Figure 9. Propeller characteristics across four quadrants.

The bounded advanced ratio was defined as:

Ap = (1=w)os/ /(1 - w)*0? + Djng, 8)

where A is the bounded advanced ratio, w is the wake factor, vs is the ship velocity (m/s), D, is the
diameter of the propeller (m), and 7, is the rotational speed of the propeller (rev/s), which is equal to
that of the engine, owing to the propeller directly connecting to the engine.

The torque (T) and thrust (Pp) of propeller were defined as:

Ty = ky (1= HpD3[ (1 - w)*0? + D2n3]. ©)

2
P, = k,(1-H)pD2[(1 - w)*0? + D2n?)], (10)
where t is the thrust-deduction fraction, and p is the density of sea water (kg/m?).

3.3. Ship Longitudinal Motion

In this study, only longitudinal motion has been considered. Hence ship velocity was calculated by
Z.JS = (PP_Rf)/(m+m/\)/ (11)

where m is the mass of the ship (kg), and m, is the mass of the entrained water (kg). The value of m,
depends on the mass and velocity of the ship. Usually, it may be 0.2 times the mass of the ship when
the ship is sailing at a normal speed. Ry is defined as the resistance of the ship (N) and it is defined as:

Ry = —CipSe?, (12)

where C; is the total friction coefficient, S is the wet area of the ship (m?) calculated on the basis of the
ship’s principal dimensions.

3.4. Wind and Wave Forces

Wind and wave forces may affect ship speed. However, it is difficult and time consuming to
build an exact wind and wave force model. Moreover, instantaneous force waveforms of wind and
wave have no significant influences on the ship’s longitudinal motion. The wind speed can be seen as
superposition of the mean wind speed and disturbance wind speed. Furthermore, the disturbance
wind speed can be seen as white noise. So, the wind model can be simplified. On this basis a simplified
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model, which is widely used in ship maneuvering simulator, was implemented here. The wind
force has been related to the wind speed, angle, and area of the ship exposed to wind, as shown in
Equation (13).

Ry = 0.5p3A0 Uy Coo (), 13)

where Ry, is the wind resistance, (N), p, is the air density, (kg/m3), A, is the ship’s orthographic
projection area above the water line, (m?), Uy, is the relative wind speed (m/s), Cy(az) is the wind
force coefficient, and a, is the relative wind direction angle (deg).

When modeling the wave force, only the first-order wave force was considered and accordingly
the resistance of the wave was defined as:

inb-si
Ry = 20825 1), (14)

where a = pg(l - e‘kd)/kz, b =kL/2cosx,c =kB/2siny, s(t) = (kh/2)sin(w,t), k = 211/ Ay. Ay is
the wavelength (m), x is the relative wave direction, and w, is the encountered frequency of the ship
and waves (Hz).

4. Optimization of M.E. Revolutions

The trained network was used to construct the objective function. The main engine (ME) revolution
was taken as the optimizing variable. The fitness function is the difference between the actual and
predicted EEQOI values after optimization. The fitness function FitV is defined as shown in Equation (15):

FitV = max[EEOI — EEOI'] = max[EEOI — GABP(1,)]

Cp#Fe pre*1853.2 (15)
o _ Sr*fepre
= max|EEOI “MeargoDpe ]

where EEO!’ is the last value of EEOI, which is predicted by GABP(n,), which represents the BP
NN built in Section 2, 7, is the M.E. RPM, Cy is the carbon dioxide conversion factor, Mcargo is the
ship-loading quantity (t), Fcpre is the predicted fuel consumption (f), and Dy is the predicted sailing
distance (nm).

Three steps were taken to build fitness function. The first step was to predict the engine revolution
and fuel consumption rate using the neural network model built in Section 2. The second step was to
integrate them to determine the sailing distance and the fuel consumption during sailing. The last step
was to calculate the difference between the actual EEOI and the predicted EEOI after adjusting the
engine revolution. After the optimization was finished, the optimized main engine revolution was
set to the real engine. The ship propulsion model was applied to represent the actual ship and the
actual engine. The network was trained online at the same time of optimization. The entire EEOI index
dynamic optimization algorithm flow is shown in Figure 10.

After the objective function was established, the genetic algorithm was applied to perform global
optimization. The boundary condition was that the engine revolution was controlled between 80 and
130 rpm, and the power was controlled between 75% and 100% MCR (Maximum Continuous Rating
point). The navigation environment was set as shown in Table 1.

Table 1. Initial value of the navigation environment.

Parameter Value
Wind speed (m/s) 9
Wind angle (deg.) 62
Wave height (m) 5
Water flow speed -6
Main engine revolution (rpm) 10.3
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Figure 10. The dynamic optimization algorithm flow.

The EEOI dynamic optimization algorithm was used to optimize the engine revolution.
The algorithm performance tracking is shown in Figure 11. The predicted EEOI was lowest when the
engine revolution was kept at 122 rpm. Therefore, the optimized engine revolution was used to set the

real engine as the new order.

GA performance tracking
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Figure 11. Performance tracking of the engine revolution optimization algorithm. (a) GA performance
tracking (b) RPM tracking.
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5. Results

The results presented in this paper are based on the training ship “YUMING,” which belongs
to Shanghai Maritime University. “YUMING” is a bulk carrier and can accommodate 160 personnel.
Its parameters are shown in Table 2.

Table 2. Parameters of the YUMING vessel.

Parameter Value Parameter Value
Length (m) 189.9 Breadth (m) 323
Depth (m) 15.7 Block Coefficient 0.85
Design draft (m) 10.3 Design Displacement (t) 58123.9
Type of M.E 6550ME Rated Revolution (rev/min) 127
Stroke (m) 2 Rated Power (kW) 7948
Diameter of propeller (mm) 5850 Number of blades 4

5.1. Simulation of the Ship Propulsion Model

To verify the performance of the model, simulations were conducted under the same navigation
environments experienced by YUMING during sea trial. Accordingly, the ship forward draft and
aft draft were set to 7.10 m and 7.95 m, respectively. The revolution of the main engine was set to
126.5, 122, 114.8, and 100.2rev/min, respectively. A comparison demonstrating good agreement of data
that resulted from the actual ship sea trials and simulation is shown in Table 3. Accordingly, the ship
propulsion model may be considered credible.

Table 3. Comparison between the simulation model and real ship data.

Navigation Data Actual Simu. Actual Simu.

Engine Wind Wind Wave Flow Power Power Ship Ship
Load Rev Speed  Direction Height Speed Speed Speed

(RPM)  (m/s) ) @ e KWW e )
100% 126.5 7.0 300 0.2 0.4 6986.5 7073 14.165 14.12
90% 122 6.0 30 1 -0.6 6390.5 6337 13.748 13.61
75% 114.8 7.7 80 0.4 0.2 5335.0 5270 12.700 12.53
50% 100.2 8.1 90 0.3 -0.4 3508.0 3506 10.945 10.58

5.2. Results of Optimization

The EEOI prediction model, ship propulsion model and genetic optimization algorithm were
used to simulate the whole closed-loop optimization algorithm of the main engine revolution under
different environmental conditions. The ship was assumed to operate in ballast condition, with forward
and aft drafts were set according to the sea trial report. The cycle time, shown in Equation 2, was
set to 3600 s. Simulations were conducted under different environmental conditions. Three kinds of
engine revolution were used under the same navigation environment, including un-optimized engine
revolution, optimized engine revolution, and engine revolutions lower than the optimized level (see
Table 4).
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Table 4. Energy Efficiency Operational Indicator (EEOI) optimization results.

Navigation Environment Normal Optimized Decreased

N Wind Wind Wave Flow Rev. Rev. Rev.

O Speed Angle Height Speed @wom) FEOl o EEOL " EEOI

s ) m s P P P

1 9 62 5 -6 127 9.66 122 6.79 119 9.01
2 3 -12 24 35 127 7.23 121 6.44 120 6.50
3 0 0 0.2 =21 127 7.92 121 6.53 119 7.01
4 2.1 120 15 15 127 7.35 123 6.50 120 6.54
5 5 —55 2.0 -0.9 127 7.86 120 6.56 117 6.68
6 17 -175 13 1.0 127 743 122 6.51 120 6.58
7 45 97 3.2 2.3 127 7.32 123 6.44 120 6.50
8 6.1 135 2.3 -15 127 7.75 122 6.43 119 6.83
9 3.8 21 42 29 127 7.35 121 6.54 120 6.54
10 7.1 61 2.2 -15 127 8.10 122 6.86 118 7.02

(The “Normal” column means that the ship sails on an un-optimized engine revolution.
The “Optimized” column means that the ship sails on an optimized engine revolution. The “Decreased”
column means that the ship sails on an engine revolution lower than the optimized.)

6. Discussion

Under the same environmental conditions and the same main engine revolution, the simulation
data of the ship propulsion model showed satisfactory agreement with the actual sea trial report of the
ship (see Table 3). Therefore, the simulation model for ship longitudinal motion is reliable and can be
used to verify the EEOI optimization algorithm.

As shown in Table 4, the EEOI value with optimized engine speed has been at its lowest under
different navigation conditions, even though the “Decreased” column had corresponds to lower
engine revolutions. The optimized revolution is lower than the normal revolution but higher than
decreased revolution. This shows the optimized engine revolutions are the best in a local revolution
range. Moreover, the optimized engine revolutions are different in different navigation environments.
That shows the optimization method is valuable in different environment conditions. Therefore, there
are reasons to believe that the optimization concept and method used in this paper can help to improve
the EEOI within a certain revolution range. In the future, different cycle times will be tested to find
the best cycle time. Additionally, a more accurate wind and wave model will be introduced into
the simulation.
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Appendix A.

Appendix A.1. Initial Parameters Optimized by the Genetic Algorithm

After 100 generations of inheritance (see Figure 6), the input layer weight of the BP network was:

—1.248439973 -2.803119181 -2.315609078 —2.734189672 —1.009229688
—2.153366518 —1.223545805 1.233045222 —-0.006755213 —2.637285875
Wi =| -0.706587596 —1.552185432 -1.70930286 —1.426524951 —1.544026107
—2.536474959  0.3447923  —1.428494005 —0.33143305 1.660091796
—0.298490393  0.033244195 —0.231048075 -2.173095702 1.011001131
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The bias of the input layer of the BP network was:

—2.356582358
—-0.377748027
By =| —2.597593093
—0.119641422
0.556043876

The weight of the hidden layer of the BP network was:

—1.295896113 —0.313681643 2.461507838 —1.6802041  0.184608839

W2 = 1.097034432  0.456472493  0.432887192 -2.590474197 —0.072519056

The bias of the hidden layer of the BP network was:

[ 0.691785557
2 0.93183824

Appendix A.2. Training Results of the Neural Network

The BP neural network parameters after training (see Figure 7) were as follows: The updated
connection weight between the input and hidden layer nodes of the BP neural network was:

18.48441067 —166.2131336 —18.31794663 —1.945587221 —180.3705467
1.670072096 —5.701199595  1.046077173  —0.113205799 —0.387741131
Wy =] 1.817608606 —0.411062349 -1.800417414 0.014945118  0.010554454
—-1.72338033  0.342933773  —0.045117079  0.005803816  0.033218607
1.252456707  —0.5590336  2.126794179  —0.033308813 —0.158627126

The updated bias of the input layer of the BP network was:

89.86764057
—0.535052367
By =| —1.096480206
2.872470465
—2.594345004

The updated connection weight between hidden and output layer nodes of the BP network was:

| —0.073153078 —0.147220138 2.212682572  3.174568662  2.074976114

W, =
2 —0.006980749 —0.247812464 0.153286346 —5.545652166 0.129901491

The updated bias of the hidden layer of the BP network was:

5, _ | ~3461900104
27| 5294246266
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