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Abstract

Underwater radiated noise (URN) emanating from ships can adversely impact the life functions of certain marine
mammals that rely on sound to navigate, communicate, and locate prey. This paper formulates an optimal voyage
scheduling problem to mitigate the impact of URN on sensitive marine species by choosing amongst different possible
paths and specifying the cruising speed along the selected path. We focus on all-electric ships (AESs) owing to their
greater flexibility for speed regulation by coordinating an integrated power system. The proposed optimization model
schedules generators and energy storage devices toward minimizing the operation cost while satisfying constraints
pertinent to URN levels and atmospheric greenhouse gas (GHG) emissions, the electric power network and operational
limits, and expected voyage timelines, culminating in a mixed-integer nonlinear programming problem. To promote
computational tractability, we approximate the nonlinear relationships for URN, propulsion load, and fuel consumption
with piecewise linear functions. This leads to a mixed-integer second-order cone programming problem, which enables
convergence to the global optimum and computationally efficient solutions. We illustrate the effectiveness of the
proposed model in curbing URN levels and GHG emissions with numerical case studies involving an 18-node ship

test system.
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I. INTRODUCTION

Maritime transport is the backbone of worldwide trade and the global economy. During the past few decades,
technological advancements in the ship industry have enabled unprecedented expansion in maritime transport with
more than 80% of all trade goods currently being carried over the sea, and freight demand is projected to increase
by at least three-fold by 2050 [1], [2]. This burgeoning growth has sparked debates regarding the industry’s
environmental sustainability practices. Indeed, the adequacy of current measures to contain atmospheric greenhouse
gases (GHGs) and underwater radiated noise (URN) is questionable, and policymakers are actively working with
ship manufacturers and operators to design suitable strategies that help to restrict maritime GHG and acoustic

footprints [3], [4]. For example, the International Maritime Organization (IMO) has been compiling a comprehensive
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strategy to enforce strict limits on GHG emissions from marine vessels [5], and pertinent amendments recently
became enforced [6]. In this regard, all-electric ships (AESs) that employ integrated power systems to supply all
shipboard loads are gaining popularity due to their superior operational and energy efficiency [7]. Research pertaining
to acoustic footprint of vessels and development of appropriate guidelines and regulations are also ongoing across
many jurisdictions around the world (see, e.g., [8]-[12]).

Marine vessels are known to be major sources of URN, a continuous low-frequency noise emanated primarily
from ship propulsion systems [13]. Left unchecked, the URN may adversely affect critical life functions of certain
marine species, such as killer whales, that rely on sound to navigate, communicate, and locate prey [14]. In
order to protect these species, it is imperative to curb URN levels through preventive measures. Indeed, a major
recommendation in [8] is to translate the science of URN to guide operational, regulatory, and policy decisions. As an
effort in this direction, the European Union project Achieve QUieter Oceans by shipping noise footprint reduction
(AQUO) aims to design practical guidelines that are concurrently welcomed by shipyards and ship owners [9],
[10]. Furthermore, since URN typically increases with cruising speed due to greater propeller cavitation noise [8],
the Port of Vancouver in Canada recently orchestrated a voluntary vessel slowdown program called Enhancing
Cetacean Habitat and Observation (ECHO) to assess the broader implications of lower cruising speed on maritime
transport in the Salish Sea [11]. Given the contributing factors to URN, it can potentially be mitigated at the design
stage by, e.g., improving the propeller blade design, or during operations by, e.g., suitably coordinating installed
equipment [15], [16]. In this paper, we focus on operational strategies to mitigate URN emanating from AESs by
selecting alternative paths and regulating cruising speed in a voyage scheduling problem, where we assume that the
AES follows a pre-determined timeline and is obliged to be at certain destinations at certain times. Optimal voyage
scheduling aims to minimize fuel costs while satisfying the voyage constraints (e.g., on-time arrival at intermediate
and destination ports) as well as physical constraints (e.g., supply-demand balance and generator capacity limits).

Past efforts in the literature have addressed the optimal voyage scheduling problem for AESs with emphasis
on limiting GHG emissions [17]-[20], eliminating all emissions [21], [22], managing uncertainty in decision
making [23], [24], using flexible thermal loads in multi-energy ships [25], [26], and coordinating seaport and ship
microgrids [27]. From a broader planning perspective, recent work has focused on coordinated voyage scheduling
of a fleet of ships [28], [29]. Central to these papers is recognizing that the propulsion load is directly related to
the ship’s cruising speed, so regulating the speed effectively renders propulsion motors to be flexible loads that can
be optimally scheduled in voyage planning. Moreover, the majority of the aforementioned papers, e.g., [17], [19]-
[27], incorporate energy storage (ES) devices that further promote operational flexibility. However, they generally
neglect important operational constraints, such as those imposed by the shipboard electric power network and by
nodal voltage limits. Furthermore, to the best of our knowledge, no prior work in optimal voyage scheduling has
incorporated the impact of URN limitations.

In this paper, we address gaps in the literature and develop a URN-constrained optimal voyage scheduling model
for AESs equipped with ES devices. The model culminates in a multi-period optimization problem that minimizes
fuel costs while satisfying constraints related to the voyage, URN levels, GHG emissions, and the electrical system.

Constraints pertinent to the electric power network are enforced by the so-called relaxed branch flow model to avoid
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voyage schedules that violate the network limitations. The inclusion of power flow constraints further enables the
solved voyage schedule to satisfy limits in nodal voltages and cable current flows toward reliable AES operation. This
problem is a mixed-integer nonlinear programming problem, which is in general nonconvex and NP-hard without any
global convergence guarantees [30]. To promote solution tractability, we approximate nonlinear functions relating
the URN and propulsion power to cruising speed by piecewise linear functions, each of which is associated with
a binary auxiliary variable. The linearization technique helps to strike a balance between modelling accuracy and
computational complexity, and it enables flexibility to accommodate generic URN models, which are typically
characterized via field testing and may differ depending on the ship technology. By including linearized URN and
voyage constraints along with nonlinear power flow equations, the optimal voyage scheduling problem is converted
into a mixed-integer second-order cone programming (MISOCP) problem [31]. For each combination of binary
variables, the MISOCP reduces to a convex optimization problem with theoretical guarantees for convergence to
the global optimum and efficient solution algorithms [31], [32]. In addition to regulating the cruising speed, we
embed the flexibility for the AES to choose amongst several possible paths with distinctive URN limits, which can
arise due to varying proximity to critical areas inhabited by sensitive marine species. Although optimal path selection
aimed at GHG emission mitigation is addressed in [33], the model therein takes discrete values for cruising speed and
disregards the limitations imposed by the electric power system and their impact on path selection. In contrast, we
model the cruising speed as a continuous variable and explicitly relate the electric power system to the optimal path
selection by establishing the propulsion power as a function of cruising speed. In summary, this paper contributes to
the state-of-the-art work on optimal voyage scheduling by: i) modelling and constraining the URN emanated from
electric ships, ii) enabling the choice of alternative paths between consecutive destinations, iii) embedding constraints
imposed by physical limitations of the electric power network, and iv) deploying linearization/relaxation techniques
in the solution strategy toward computational tractability. Potential candidates to benefit from our proposed method
include ferry routes, such as those offered by BC Ferries, who provide all major passenger and vehicle ferry services
for coastal and island communities in the Canadian province of British Columbia [34].

The remainder of the paper is organized as follows. Section II outlines models for the electric power network
and loads, as well as operational constraints for voltages, generators, and ES devices. In Section III, we formulate
the proposed optimal voyage scheduling problem and apply piecewise linear approximations where appropriate
to obtain an MISOCP. Numerical case studies presented in Section IV demonstrate the impact of URN, voltage,
and emission constraints on the resulting optimal voyage schedule. Finally, we provide concluding remarks and

directions for future work in Section V.

II. PRELIMINARIES

In this section, we introduce models and constraints pertinent to the electric power network, electric loads,
generators, and ES devices. To facilitate the model description, we consider a scheduling horizon of the optimal
voyage problem from time ¢y to time to + T over, e.g., 12 hours, during which decisions are made at equal
intervals of length At, e.g., 30 minutes. The endpoints of the decision intervals are collected in the set 7;, =

{to + At,... to + T}
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A. Electric Power Network

Consider the electric power network as a directed graph (N, E), where N = {1,...,N} and € = {(4,7), 4,j €
N, j = j(i)} respectively represent the sets of nodes and lines. For node i € A at time ¢ € Ty,, denote its squared
voltage magnitude by w; ;. Also let P}°*d and Q'°*d respectively denote the total active- and reactive-power loads
connected to node ¢. Each line (7, j) € £ is modelled using the lumped-parameter II-model with series impedance
2ij = zj; = Tij + jx;; and shunt admittance y” = yﬂ = G; +Jb5h Denote the active- and reactive-power flows

in line (¢,7) at time ¢ € Ty, respectively by Pf + and Q' ., and the squared magnitude of the line current by

ij,t?
¢;;,+. Moreover, denote the set of generators by G, and let P, ; and @, respectively denote the active and reactive
power delivered by generator g € G at time ¢ € T;,. Further collect ES devices in the set R, and suppose that at
time ¢t € Ty,, ES device r € R withdraws (delivers) the charging (discharging) power P;7° (P, Cs;d) and it delivers
reactive power ();%. We assume radial configuration for the network topology and accordingly utilize the relaxed
branch flow model (see, e.g., [35]). In this model, the active- and reactive-power balance constraints at node i € N

are given by

> Pt 3 (P - P - Pl

9€Gi reR;
Z 17 t Z (Plgi,t - Tkiéki,t)
(i,7)€€ (k)e€
+wi,t< Z g Z giﬂ‘),ie/\/,te?}o, (1)
(i,5)€€ (kyi)eE
Z Qg :+ Z _ load
9€G; reER;
Z Q” t Z (Qin‘,t — Tl )
(i,9)€€ (k,i)eE
_wi,t< Z bz Z b ),ie/\/,teﬁo, )
(i,5)€E (kji)eE

where G; and R; respectively denote the sets of generators and ES devices connected to node i. The voltage drop

between sending end ¢ and receiving end j of a line is calculated as
wjs — wiy = =2 (r; Bl , + Q45 )

Operational limits on squared nodal voltages, line power flows, and squared line currents are imposed by the

following:
wigwi,tgﬁiaieNvteﬁgv (4)
2 2 .
wiilize > (P,)" + Q) (i,4) €E, t €Ty, 5)
liji < lij, (i,j) €E, t €Ty (6)
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B. Nodal Load Composition

Denote the set of propulsion motors by M. At time ¢ € Ty,, suppose that the propulsion motor m € M consumes
active and reactive power P, and @y, ;. In (1)—(2), we decompose total active- and reactive-power loads at node

ST

. . . ST . m m
i € N into service-load components P and Q3, as well as propulsion-load components P}, and Q) ;, as

follows,
Pl =P+ Y PR ieN, teT,, (7)
meM;
P =QN A+ Y Qm iEN, tET, ®)
meM;

where M denotes the set of propulsion motors connected to node i. Given that the ship cruising speed is a decision
variable in the optimal voyage scheduling problem, and the propulsion load is a function of cruising speed, we treat
the propulsion motors as flexible loads. The service load includes electrical devices/appliances, e.g., air-conditioner
units and electric pumps [26]. In this paper, we neglect potential flexibility in service loads considering that they
constitute a much smaller share compared to the propulsion-motor loads. However, we note that flexible service

loads can be easily incorporated at the risk of greater burden with respect to notation and size of decision space.

C. Generators

Let the binary variable I, , € {0,1} represent the commitment status of generator g € G at time ¢t € Ty,
ie., Iy; =1 (I;¢ = 0) indicates that the generator is on (off). Lower and upper limits of generator active- and

reactive-power outputs are enforced as follows:!
Bglg,t S Pg,t S Pg[g,tv g € g, te 7207 (9)
leg7t S Qg7t S @glg,h g € g, te 7;0' (10)

Since the voyage scheduling problem may look ahead several hours to days, generators may start up or shut down
within the pertinent scheduling horizon. By defining the nonnegative variables SU,; and SD,;, the startup and

shutdown costs of generator g are constrained by

SUq,t Z SUg(Ig,t - Ig,t—At)v g € ga t € 7;oa (11)
S-Dg,t > S]D)g(-[g,tht - Ig,t)v g€ gv te 7207 (12)
SUg+,5Dg+ >0, g€ G, t €Ty, (13)

where SU, and SD, are respectively the costs incurred for generator startup and shutdown. Here we assume that
the generators are fast enough to neglect their ramping constraints within the decision time interval At. In addition,

the minimum up and down times of generators are assumed to be less than At.

IFor notational consistency, in this paper, we denote lower and upper limits of variable = by z and &, respectively.
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D. Energy Storage Devices

At time ¢ € Ty,, the energy stored in ES device r € R is expressed as follows:
es es c pes,c 1 es,d
Er,t = L t—At + (nrpr,t - Epr,t )Ata

T

reR, teTy, (14)

where 7¢ and 79 respectively represent its charging and discharging efficiency, and where

€S

EF<EN<E, , 71€R, t€T,. (15)

T

Further denote the commitment status of ES device r € R at time ¢ € Ty, in charging and discharging states by the
binary variables I, € {0,1} and Iffft’d € {0,1}, respectively. These binary variables help to establish lower and

upper limits imposed on active-power charging and discharging as well as reactive power delivered, as follows:

PECI < Py <PIISS, reR, te T, (16)
. S S —es,d - eg
Pt < Pyt < PUIS re Rt €T, (17)

QU + 1) < Q% < Qp (I + I3,
reR, teT,. (18)
Finally, mutual exclusivity of charging and discharging states for ES device 7 is guaranteed via
I+ I <1, r€R, tE€Ty,. (19)

Note that although (19) enforces the ES device to either deliver or withdraw active power, (18) enables reactive
power delivery in both charging and discharging states. We assume that the ES devices are fast enough to neglect

their ramping constraints within the decision time interval At.

III. PROBLEM FORMULATION

The URN emanating from a ship is typically modelled as a function of its cruising speed [11]. Given this,
optimizing the cruising speed and generation dispatch by solving a voyage scheduling problem can effectively curb
URN levels while minimizing operation cost, satisfying operational limitations, and ensuring punctual arrivals at
the designated destinations. Furthermore, the impact of URN on marine mammals can be reduced by scheduling
the ship to take alternative paths away from particularly sensitive habitats. In this section, we formulate a URN-
constrained voyage scheduling problem that minimizes the AES operation cost subject to the physical constraints
imposed by the electric power network, operational limits of generators and ES devices, as well as constraints
pertinent to the voyage, the URN, the propulsion load, and the energy efficiency indicator for GHG emissions.
Aimed at formulating an MISOCP, we approximate the underlying nonlinear models for operation cost, the URN,

and the propulsion loads by mixed-integer linear constraints.
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A. The Voyage

Suppose a ship sets off at time ¢y from the origin O and travels to a set of destinations contained in the set
H ={1,...,H}. In our problem formulation, we manage the URN by regulating cruising speed along a particular
path and further reduce the impact of URN on sensitive animals by taking alternative paths farther away from their
habitats. To this end, consider a set of (J;, possible paths connecting destination h — 1 to destination A collected in
Qy,. Although there may conceivably be infinitely many paths between destination h and h — 1, here we assume
that other external considerations (e.g., right of way, ocean currents, wind, etc.) result in a finite number of possible
paths in Qj, and small deviations from each path are negligible in the voyage planning problem. Let the binary
variable I}]z), p indicate whether the path ¢ € Qy, is taken (I}i g = 1) or not (IE, = 0). Considering that only one
path between destinations i — 1 and h should be selected, we impose the following constraint on the path indicator

variables:

o, =1 heH (20)
qEQ
Generally speaking, we expect the departure time from each intermediate destination h € H and the length of time
at berth to be informed by a travel itinerary and pre-specified as inputs to the voyage scheduling problem. Thus,
corresponding to the set of intermediate destinations, we accordingly subdivide the entire scheduling horizon 7,
into H non-overlapping intervals, 7;, 1, h € H, so that UheH Tto,n = T, Further collect in the set 7?3,,,/ C Tioh

the time intervals at berth at destination /. Let nonnegative variable v, 4 ; represent the cruising speed for ¢ € T, p,

h € H, while travelling along path ¢ € Qj. We impose operational limits on the speed with
vl < pge <OI » h€MH, g€ Qn, t € Tiyn, 1)

so that the speed associated with the chosen path is limited to the range [v, 7] and those associated with all other
paths are set to 0. Then let v, denote the scheduled speed at time ¢ between destinations A — 1 and h, which

satisfies the following:

Uhi= Y Vngt» hE€H, t € Ton, (22)
q€EQn
vhe =0, heM, t€TY,. (23)

In the above, (23) enforces the scheduled speed to be 0 during the pre-specified at-berth time, otherwise (22) sets the
scheduled speed to that associated with the chosen path. Finally, let Dy, 4, ¢ € Qp, represent the distance spanned
by path g between destinations & — 1 and h. The total distance travelled over Tz, p is then constrained by

> VngtDt =Dy I}, heM, g€ Q. (24)

t€Tto,h

We refer readers to Fig. 1 for a graphical illustration of the voyage scheduling framework with intermediate

destinations and alternative paths.

B. Underwater Radiated Noise

Let the URN attributed to path g € Qj, at time ¢ € T, » be denoted by U, 4. Typically the URN is modelled as

a function of the cruising speed as Uy, 41 = f(Vh,q,t). and we assume f(-) is available from the ship manufacturer
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Fig. 1. An illustration of a ship voyage with H destinations. Time steps between consecutive destinations h — 1 and h are
collected in 7, . Multiple paths are possible between consecutive destinations, and each possible path ¢ between destinations

h — 1 and h spans a distance of Dy, 4.

through, e.g., a characteristic curve obtained via field testing [36]. A key advantage to our proposed approach is
the ability to deal with any generic URN model, which is accomplished through piecewise linear approximations
of the nonlinear function f(-). To this end, suppose f(-) is defined over the range [v, 7], and divide this range into
S™ non-overlapping segments and collect them in the set S". Each segment s € S" is confined to endpoints Us_;

and Us, so that [v,7] = [Us—1, Us], where Uy = v and Ugu = T. Further define binary and continuous auxiliary

seSH

variables Iy, and @ g5 for h € H, q € Qp, s € S*, t € Ty, p, where I}, =1 (I}

a5t = = () represents the

19585t
active (inactive) status of the corresponding linearization segment, and each continuous auxiliary variable models

the linear function pertinent to the corresponding segment. By calculating the slope of f(-) in each segment s € S"

s Vs —VUs—1

as o , we approximate the URN associated with each possible path as the following concatenation

of piecewise linear functions:

Uh,gt = f(y)l}];,q,l,t + Z Oy Ph,g,s,ts
sESH

heH, g Qn,tecTin- (25)

Correspondingly, the cruising speed can be expressed in terms of the auxiliary variables as

_ u
Vhgt =0y g1+ E Ph,q,s,t>
seSH

heH, qge Qn, t € Tiyn (26)

To guarantee that the linearization segments are deployed sequentially from s = 1 to s = S, we impose the

following set of constraints:

Illllyqys,t < Iflllyqysflyt’
heH, g€ Qn, s€S"\{1}, t € Tign, 27
(as - ﬁsfl)lllml,q,s+1,t < Ph,g,s,t < (65 - ﬁS*l)lflll,q,s,t’

heHt, g€ Qp, s€ Su\{Su}, te 7;0’}1, (28)
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Ph.,q,5v,t
: Vh,q,t
I o P Vha
1 v g
Fig. 2. An illustration of URN linearization dividing the speed range [v, 7] into S" segments. For each segment s € {1,..., 5"},

oy denotes the slope of the secant connecting the two endpoints of linear approximation, and I}, , ; , and ¢}, , . , respectively
denote the binary and continuous auxiliary variables modelling the URN-speed segment s at time ¢ for path ¢ connecting

destinations A — 1 and h.

0 S Ph,q,s,t S (Us - Us—l)IE7q757t7

heH, geQp, s=5" teTiyn (29)

In the above, (27) ensures that a linearization segment is activated and its pertinent binary variable becomes 1 only
if all the preceding segments are active, and (28)—(29) guarantee that a linearization segment is fully utilized before
activating the next segment. Finally, we limit the URN to the maximum allowable level U, , for the chosen path

and set the URN for other paths to exactly zero, as follows:
0< Ungt <Unglf ., hEH, ¢ € Qn, t € Tign. (30)

Please refer to Fig. 2 for a graphical illustration of the piecewise linear approximations for the URN-speed

relationship.

C. Propulsion Motor Load

For ease of notation, we concatenate the cruising speed values vy, ; for all t € T, ;, and h € H and further denote
the resulting speed simply by v, ¢ € T;,. The ship propulsion load can then be expressed in terms of cruising
speed as

PPr=y0?, t €Ty, 31)

where ~; and 7, are parameters in the propulsion operating characteristic curve. Similar to the procedure described
in Section III-B, we approximate the nonlinear load model with piecewise linear functions. We divide the speed
range [v,T] into S™ non-overlapping segments collected in the set S™. Note that the linearization segments should
be determined based on how well they approximate the original nonlinear function, so S™ need not coincide
with S". Each segment s € S™ is delimited by the endpoints ¥,_; and v, so that [v,7] = (J,cgm[Vs—1,7s],

and U9 = v, Ugm = T. We further define the binary and continuous auxiliary variables I;‘t and w,; for s €
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m

S™, t € Ty,. Denote the slope of the propulsion load power over each segment s € S™ by o

, and it is given by

m (W32 -072,)

o == The propulsion power model is then linearized through the following constraints:
PP =y IP + Y alway, tE T, (32)
sesSm
v =ol + Y war, tE€ Ty, (33)
sesSm
I8 < Iy, s € S™\{1}, t €Ty, (34)

(65 - 55—1)1;117,5 S ws,t S (55 - 55—1)1;?t7
s € S\ {S"}, t € Ty, (35)

0< Ws,t < (55 - as—l)LI;rfp s = va te 7;()’ (36)

where ﬁtpr, t € T,, represents the approximate value of the propulsion load.

At each time ¢, the total propulsion load is distributed amongst each motor m as

-~

P = kmPY, me M, teT,, (37)

where 0 < k,,, < 1 is a participation factor that satisfies Zme a km = 1. With respect to reactive power, we limit
the power factor of propulsion motor m € M (possibly equipped with local reactive power compensation) to PF,

as follows:

~ tan(cos™*(PE,,)) P2, < Q& , < tan(cos ™ (PE,,)) P2y

m,t?

meM, teT,. (38)

We also aim to operate each propulsion motor m € M near its nameplate power factor PF.\P to improve operational
efficiency. To this end, we define nonnegative auxiliary variables Qﬁ?ﬁ; and Q,Tft m € M, t € T;,. These respec-
tively represent the positive and negative components of deviations in the propulsion reactive-power consumption
from that dictated by the nameplate power factor, which we will later penalize in the optimization problem. For

now, the auxiliary variables must satisfy

Qi @mi >0, meM, teT,, (39)

m  —tan(cos (PFIP)) P2, = Q™% m-

m,t m,t — Wm,t = Wm,t>

meM, teT,. (40)

D. Energy Efficiency Operational Indicator

We model the fuel consumption of generator g € G by convex function Fy (P, ;), which commonly takes quadratic
form in practice [37]. In order to linearize the fuel consumption function, divide the power generation range [P g0 P,
into S° non-overlapping segments and collect them in the set S¢, where each segment s € S° is confined to the

endpoints ]39,5,1 and }39’5, such that [Bg,?g} = U,ese [139’5,1, Py, Pyo= P, Pyse = P,. We also define the

nonnegative auxiliary variable p, , ; corresponding to the segment s € S°. The slope of fuel consumption function
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FQ(PIgS)_Eg(Pg*S*l). Further approximate the nonlinear function Fy(P, ;)
g,s Lg,s—1

for segment s € S° is given by af , =

by the piecewise linear counterpart ﬁg(Pm), and we develop the following set of linear constraints:

ﬁg(Pg7t):Fg(£g)Igyt+Z O‘z,spgﬁ,t’ g€ g7 te 7;07 (4D
seES®
Ppe=Pylgi+ Y pgst, g€ G, t €T, (42)
sES®
0 S pg,s,t S ﬁg,s - Ag,sfla g S g; s € Sea te 7;0~ (43)

Note that since Fyy (P, +) is convex and the optimal voyage scheduling problem minimizes fuel costs (unlike in the
case of the URN and propulsion load models), binary auxiliary variables are not needed.

With the above piecewise linear approximation for the fuel consumption in place, we introduce the energy
efficiency operational indicator (EEOI), which is a metric monitored by the ship-owning company through a self-
imposed limit. The EEOI represents the mass of CO5 released per unit of transport work done by the ship [18],
[38]. The mass of CO; released over the time interval At ending at time ¢ € 7;, can be obtained as MtCO2 =
)\gﬁg(Pg,t)At, where A, is the fuel to CO2-mass conversion factor and ﬁg(Pg,t) represents the linearized fuel
consumption. Furthermore, the transport work done by the ship over the time interval At ending at ¢t € Ty, is
Wy = M#v,At, where M,®° represents the cargo mass for cargo ships or (a scaled factor of) gross tonnage
cgo

for passenger ships [18], [38]. In general, M,

may vary over the scheduling horizon depending on loading or
unloading tasks at the intermediate destinations, e.g., for ferries it is defined as the product of gross tonnage and a
positive-valued scaling factor ¢; [18]. Denote the maximum limit of the EEOI by EEOI, and we get the following
constraint

> A\Fy(Py.) <EEOL- M%w, t€ T\ | T2, (44)

9€6 heH
where the unit for EEOI depends on the vessel type, e.g., typically [gCO5 /tn-nm] for cargo ships and [gCO5 /gt-nm)]
for passenger ships with [nm] referring to nautical miles and [gt] to gross tonnage. Furthermore, since the voyage
modelling in Section III-A assumes a pre-determined voyage timeline with fixed at-berth time, the emissions incurred
while the ship is docked are largely? fixed and known beforehand and are thus not subject to optimization. As such,
we neglect the at-berth emissions and focus on optimizing cruising emissions. In neglecting the at-berth emissions,
we can interpret the maximum emissions limit in (44) as the ner allowable emissions after discounting by the
(largely) fixed at-berth emissions. Before formulating the optimal voyage scheduling problem below, we note that
although we use the EEOI as the measure of carbon intensity in this paper, our problem formulation can easily
accommodate other similar metrics suitably scaled for a particular voyage. A particular example is the annual

efficiency ratio (AER), which is recently regulated by the IMO [6], [39].

2t is possible for generators to charge the energy storage devices while at berth, which would lead to variability in the amount of at-berth

emissions. However, this amount would be more predictable and considerably less than emissions incurred while cruising.
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E. Optimal Voyage Scheduling Problem

Let us denote the fuel price by 74, g € G, and a penalty factor regulating the propulsion motor power factors by
p. The optimal voyage scheduling problem minimizes for the fuel and startup costs of generators, plus the penalty

term attributed to reactive power of propulsion motors as

min Z Z (Wgﬁg(Pg7t>At +SUg: + SDg7t)

t€T, g€G
DD BRI CEVELARY (452)
teTi, meM
s.t. Electric power network constraints (1)—(6), (45b)
Nodal load decomposition (7)—(8), (45¢)
Generator constraints (9)—(13), (45d)
Energy storage constraints (14)—(19), (45e)
Voyage and URN constraints (20)—(30), (45f1)
Propulsion load constraints (32)—(40), 45g)
EEOI constraints (41)—(44). (45h)

We emphasize that the problem in (45) is an MISOCP owing to the piecewise linearization technique applied to
nonlinear models of the URN, the propulsion load, and the fuel consumption. The MISOCP problem leads to solving
convex optimization problems for each combination of binary variables, thus offering theoretical convergence to
global optimum and efficient computational performance [31], [32]. On the other hand, without the linearizations,
we would need to contend with a mixed-integer nonlinear programming problem, which generally leads to solving

a nonconvex NP-hard optimization problem without any global convergence guarantees [30].

Remark. In case the optimal voyage scheduling problem in (45) is infeasible due to URN or EEOI limitations,
meaning that the AES cannot abide by the pertinent restrictions, we assume that the ships are either declined the
permission to voyage or charged by a preemptively high penalty payment. This arrangement may be internalized
in the optimization problem in (45) by introducing slack variables into (30) and (44) and penalizing the associated
variables in the cost function (45a). However, given the negligible likelihood of such events in practice, we opt to

retain the simpler formulation in (45).

I'V. NUMERICAL RESULTS

We perform simulations over a 12-hour scheduling horizon with half-hourly intervals, i.e., 7o = {0.5,1,...,11.5,12},
on the 18-node AC shipboard test system with 4 generators in G = {1, 2, 3,4} along with 2 ES devices in R = {1, 2}
supplying service loads and propulsion motors in M = {1,2,3,4}. The one-line diagram for the test system is
shown in Fig. 3. Starting from the origin O, the AES travels to 4 destinations contained in H = {1, 2, 3,4}, where

two possible paths connect the origin and destination 1 as well as destinations 2 and 3, while only a single path is
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Fig. 3. One-line diagram for an 18-node shipboard test system.

available between destinations 1 and 2 as well as destinations 3 and 4. Unless otherwise stated, parameter values

used for numerical case studies presented in this section are reported in Appendix A.

A. Impact of URN and Voltage Constraints

We aim to highlight the impact of URN and voltage constraints on the optimal voyage scheduling of the test
shipboard system. To this end, for now we neglect the maximum EEOI constraint (44) and examine the following

cases:

o Case 0: URN and voltage limits are neglected,
o Case 1: URN limits are imposed while voltage limits are neglected,

o Case 2: URN and voltage limits are both imposed,

with Case 0 serving as the benchmark. In Case 0, due to the absence of URN limitations, the shortest route of length
Dy1+ Da1+ D31+ Dyy = 153 [nm] is selected. However, in the constrained Cases 1-2, a longer alternative
route of length Dy o + Do 1 + D32 + D41 = 157 [nm] is travelled to avoid violating the URN limits enforced on
shorter intermediate paths (i.e., ﬁl,l = 6371 = 185 [dB])).

1) Cruising Speed, Propulsion Load, and URN: The optimal ship cruising speed, propulsion power, and URN
level for Cases 0-2 are plotted in Fig. 4, where the unit used for the speed is knot [kn], i.e., nautical miles per hour.
For Cases 1-2 and t € [0, 1.5] U [5,8.5] [hr], the cruising speed increases compared to Case O as the ship travels
a longer distance within the same required time period (see Fig. 4a). This, in turn, increases the propulsion load
accordingly, as shown in Fig. 4b. Although the URN levels increase with higher cruising speeds, as shown in Fig. 4c,
they remain below the maximum limit associated with the longer alternative paths (i.e., Ul,g = U372 = 190 [db]).
At each destination, the ship remains at berth for half hour during which the propulsion power and URN level are
both 0. Since the voltage limitations mainly affect reactive-power support, the voyage schedule (largely related to
active power) of Case 2 closely follows that of Case 1.

2) Nodal Voltages: We focus on node 9 because it is located at the end of the feeder and is likely to experience
the largest voltage drops. The voltage magnitudes at node 9 over time are plotted in Fig. 5. In Case 0, the voltage

magnitudes remain within limits as the optimal cruising speed creates a propulsion load that does not engender large
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T T T
——3 - Case 0 —x— Case 1 —o— Case 2

Voltage [p.u.]
o
2

0.96

0.94 L L L L L
0 2 4 6 8 10 1

Time [hr]

)

Fig. 5. Voltage magnitudes at node 9 for Cases 0-2.

enough voltage drops within feeders to violate the lower voltage limit (marked by dotted red trace in Fig. 5). In
Case 1, increasing the propulsion load causes the lower voltage limit to be violated for ¢ € [5,8.5] [hr]. By imposing
the voltage constraints in Case 2, however, the voltage violation is avoided by optimally scheduling reactive power,
as we discuss next.

3) Generators and ES Devices: The active- and reactive-power schedules of generators and ES devices for
Cases 0 and 2 are plotted in Figs. 6 and 7, with the latter also including the stored energy. For ES devices,
positive (negative) active-power injection is associated with discharging (charging) states. In Case 0, generators
1, 3, and 4 as well as both ES devices supply the propulsion and service loads for ¢ € [0,1.5] U [9.5,11.5] [hr],
and for t € [2,4.5] U [5,8.5] [hr] all four generators are deployed and ES devices are idle. In addition, for ¢t €
[1.5,2] U [4.5,5] U [8.5,9] [hr], where the ship is at the intermediate destinations, a subset of generators charge the
ES devices and supply the service loads, and for ¢ € [11.5,12] [hr], where the ship is at the last destination, only
the ES devices supply the service loads. In Case 2, due to the increase in propulsion load, the generator and ES
schedules differ substantially from Case 0. The ES devices cease to discharge for ¢ € [0, 1.5] [hr] and also reduce
their discharging power for ¢ € [9.5,11.5] [hr] in order to contribute to supplying the increased propulsion load

for ¢t € [5,8.5] [hr]. Furthermore, generator 2 comes online for ¢ € [0,1.5] U [9.5,11.5] [hr] to compensate for the
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reduction in ES share of supplying load. In Case 2, ES device 1 produces more reactive power (as compared to
Case 0) to serve the peak propulsion load for ¢ € [5,8.5] [hr]. This helps to ensures all voltage magnitudes are
within limits. As shown in Fig. 8, the propulsion motor 1 also injects reactive power into the system to help boost
the voltage at node 9.

4) Operation Cost: The ship operation cost is $46,955 in Case 0, $51,166 in Case 1, and $51,170 in Case 2.
As expected, Case 0 bears the lowest cost while the cost of operation increases for Cases 1 and 2 due to the larger
propulsion load. Also, Case 2 incurs a slightly higher cost compared to Case 1 due to the binding minimum voltage

limit.

B. Impact of EEOI Constraint

Here we impose the maximum EEOI constraint (44) on Case 2 in Section IV-A. The EEOI values attributed
to Case 2 without and with maximum EEOI constraint are plotted in Fig. 9, where the red dotted trace denotes
the maximum EEOI limit. The maximum EEOI limit is violated in Case 2 in ¢ € [5,8.5] [hr] when the propulsion
power increases. By imposing the EEOI constraint, the power output of generator 3 is reduced in ¢ € [5,8.5] [hr]

and the ES devices discharge at a higher rate to compensate for this reduction (see Fig. 10). As a result, the CO4
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Fig. 9. Energy efficiency operational indicator (EEOI) for (a) Case 2 and (b) Case 2 with EEOI constraint imposed.

emission from generator 3 is reduced and the EEOI is contained within the maximum limit. To enable discharging
at a higher rate in ¢ € [5,8.5] [hr], the ES devices charge in ¢ € [2,4.5] [hr] rather than being idle as in Case 2.
So far in our optimization model and ensuing numerical simulations, we impose the maximum EEOI limit in

each time interval, as in (44). Alternatively, our solution approach can easily enforce the EEOI constraint over the
entire scheduling horizon as follows:

> > U AFy(Pyy) <EEOL Y M;*v,. (46)

teTiy 9€G teTr,
Such an aggregate constraint enables more flexibility in voyage scheduling and is thus less restrictive. On the other
hand, for ships operating with a single fuel type (as is the case in the test system shown in 3), the EEOI calculated
in (46) is proportional to total fuel cost over the scheduling horizon. Since the fuel cost is the main constituent of
the operation cost in (45a), the optimization solution already aligns with minimizing the EEOL In this way, the
aggregate EEOI constraint would not typically be binding, and if it were, the voyage scheduling problem may well
be infeasible. On the other hand, for ships that use multiple fuel types, the cost minimization would not necessarily
be aligned with minimizing the fuel consumption, and the aggregate EEOI constraint would enable greater flexibility

to strike a balance between economic operation and EEOI reduction.

C. Computation Time and Scalability

The proposed optimization problem is modelled in GAMS and solved using the SCIP solver, on a desktop
computer with a 3.2 [GHz] i5 processor and 16 [GB] of RAM. Even by choosing a stringent optimality gap of

0.01%, the computation times attributed to different cases do not exceed 30 [min], which is pragmatic for the
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12-hour ahead voyage scheduling. Note that the 18-node shipboard test system in Fig. 3 is representative of a
medium-sized electric ship. Since the size of electric ship power networks is bound by weight, space, and design
limitations, we do not expect a considerable increase in the number of generators and nodes even for very large
vessels.

To demonstrate the scalability of the proposed voyage scheduling model, we examine the computation times
incurred for more destinations and more possible paths between two particular consecutive destinations h* — 1 and
h* € H. Building on Case 2 described in Section IV-A with a total of H destinations and Q)+ possible paths
between consecutive destinations A* — 1 and h*, we create new test cases with a total of H, H + 1, and H + 2
destinations (collected in sets {1,...,H}, {1,...,H,H + 1}, and {1,...,H, H + 1, H + 2}, respectively) and
with Qp«, Qn+ + 1, and Qp+ + 2 possible paths between consecutive destinations (collected in sets {1,...,Qp«},
{1,...,Qp+,Qn + 1}, and {1,...,Qp+,Qp- + 1,Qn+ + 2}, respectively). This results in a total of 9 test cases
including the Case 2 of Section IV-A. The optimization solution times plotted in Fig. 11 suggest that: i) the
computations times remain practical with additional destinations and possible paths, ii) adding a destination leads to
greater increase in the computation time than including an additional possible path between consecutive destinations,
and iii) the additional computation time needed increases as total number of destinations and possible paths grow.
Potential strategies that can reduce computation times include using more efficient solution algorithms, deploying
more powerful computing resources, leveraging parallel computing, and using fewer linearization segments for the

nonlinear URN and propulsion motor load models (at the cost of model accuracy).
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TABLE I

GENERATOR QUADRATIC FUEL CONSUMPTION COEFFICIENTS AND STARTUP COSTS

Generator ag by cg SUy | SDy
g [MBtu/(MWh)?] | [MBtu/MWh] | [MBtu] [9] [9]
1 0.54 6.3 39 110 0
2 0.57 6.9 42 110 0
3 1.29 1.2 43.5 50 0
4 1.35 0.99 45 50 0

V. CONCLUSION

In this paper we formulated a comprehensive URN-constrained voyage scheduling problem that minimizes the
electric ship operation cost over the voyage scheduling horizon subject to electric power network limitations and the
operational limits of generators and ES devices, while respecting the voyage constraints, maximum URN limits, and
the energy efficiency indicator limit for GHG emissions. The proposed model enabled evaluating the URN level and
containing it within allowable limits by controlling the ship cruising speed and choosing amongst available alternative
paths with possibly different URN limits (depending on their proximity to critical areas occupied by sensitive marine
species). The numerical studies highlighted the effectiveness of the proposed model in optimally scheduling the
generators and ES devices to sustain the desirable speed at which the URN limits are satisfied, and in reliably
operating the ship electric power network. Further, we showcased the scalability and computational tractability of
the proposed MISOCP problem for greater number of intermediate destinations and alternative paths connecting
consecutive destination pairs. Directions for future work include developing voyage scheduling models for convoys of
AESs and restricting their URN levels via data-driven geographically-aware methods, assigning different maximum
URN limits along each particular path, optimizing voyage timeline in the face of URN restrictions, as well as
stochastic modelling extensions to account for uncertainties in environmental factors (e.g., ocean current and wind

speed) and the boundaries of critical areas.

APPENDIX
A. Numerical Simulation Parameters

1) Generators: We apply the generator active- and reactive-power limits found in [40]. We further report the
coefficients for the quadratic fuel consumption model and generator startup costs in Table I. All generators use the
same type of fuel which price is 7, = 10[$/MBtu], g € G.

2) ES Devices: We list ES parameter values in Table II. The ES devices located at nodes 7 and 13 are initially
charged at 2.5 and 1.5 [MWHh], respectively.

3) Electric Power Network: The network topology and pertinent parameter values are sourced from [40]. The
voltage of nodes 1 and 3 are fixed at 1.02 [p.u.]. As in [40], we assume that all cables are over-designed and the

ship operates well within cable thermal limits.
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TABLE II

ENERGY STORAGE DATA

BS | PR/P R P Qe | RS

r [MW] [MVAR] [MWh] o

1 0/5/0/5 ~5/5 0/10 | 0.9/0.9

2 0/3/0/3 -3/3 0/6 | 0.9/0.9
TABLE III

VOYAGE DATA AND URN LIMITS

Destination h ‘ Ty, ,n [hr] ‘ (9] ‘ Dy, ¢ [nm] ‘ Up,q [dB] ‘

1 2 {1,2} 22,23 185,190
2 3 {1} 38 190
3 4 {1,2} 55,58 185,190
4 3 {1} 38 190

4) The Voyage: Parameters pertinent to the voyage are reported in Table III. We assume that the ship berths at
each destination for a single time-interval (half hour).
5) Underwater Radiated Noise: Ross’s classical power law model [41] is used to express the URN level in terms

of cruising speed as

v
Uh,qt = f(Vh,qq,t) =10¢, logq ( h7q’t) + f(Umf)a

vref

heH, g€ Qn, t € Tiyn, (47)

where the parameters ¢, = 5.08, v™*f = 18.88 [kn], and f(v™f) = 192 [dB] are sourced from [11]. Maximum URN
limits along each possible path between consecutive destinations are reported in the rightmost column in Table III.

6) Propulsion and Service Loads: The propulsion load characteristic curve parameters are respectively v, =
0.0067 and 2 = 3, minimum and nameplate power factors of propulsion motors are respectively PF, = 0.9 and
PF,? =1 for m € M, the penalty factor for power factor regulation is p = 5[$/MVAR], and the ship cruising
speed is limited to [v,7] = [5,20] [kn] (kn is short for knot). Propulsion power participation factors are set as
[Km]mem = [0.26,0.24,0.26,0.24]. In addition, we scale up the service loads connected to nodes 5 and 6 in [40]
by the time-dependent scaling factors provided in Fig. 12, in order to highlight the participation of ES devices in
supplying the electric loads.

7) Energy Efficiency Operational Indicator: The maximum allowable EEOI is set as EEOI = 29.3 [¢CO, /gt-nm],
the fuel to CO42-mass conversion factors of generators are set as Ay = 66 [kgCO2/MBtul, g € G, the gross tonnage

of ship is 75,000 [gt], and M,*° changes over time according to scaling factor (; given in Fig. 12.
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