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Abstract: Emissions of maritime transport have been a critical research topic with the substantial
growth in the global shipping industry, encompassing both the expansion of the world fleet and the
increased distances it has been covering recently. The International Maritime Organization (IMO)
has enforced some regulations to mitigate ship Greenhouse Gas (GHG) emissions, which affect
vessels” operational practice, and further affect service reliability. In this paper, some compliance
methods (two-speed strategy, fuel switching, and LNG) against Emission Control Areas (ECAs) at
the operational level are examined regarding if and how they impact the liner shipping schedule and
service reliability; meanwhile, uncertain weather conditions and port times, as the main uncertain
factors, are also involved. Then, a bi-objective fuzzy programming model is formulated and solved
by the augmented e-constraint approach, which generates a set of Pareto solutions by balancing the
economic and environmental sustainability. Some findings can be concluded through the experi-
mental results, including that, firstly, to meet uncertain weather conditions at sea requires strong
robustness; secondly, ECA regulations can negatively affect the liner shipping service level; moreover,
slow steaming is an immediate and effective measure to reduce GHG emissions; and, furthermore,
ship routing choice could have a significant influence on ship emissions and service reliability.

Keywords: ship scheduling; speed optimization; emission control area; weather impact; fuzzy
programming

MSC: 90-05; 90-10

1. Introduction

Shipping emissions have become an urgent concern for the IMO across recent decades
up to now [1]. As ocean shipping is the backbone of global trade and heavily depends on
fossil fuel, which mainly produces carbon emissions, GHG emissions are not supposed to be
ignored as a portion of marine pollution. Unlike defining ECAs to limit sulfur and nitrogen
emissions, international regulations to control carbon emissions are springing up, which
involve technical and operational aspects, and further affect the efficient implementation
into practice.

The rising volume in global trade has inevitably been causing an increase in GHG
emissions. The IMO has introduced a series of mandatory measures technically and
operationally against outputting GHG emissions. Newly built ships have been obliged
to acquire a distinct “Energy Efficiency Design Index” (EEDI) via a technical approach.
However, it is difficult to degrade engine power by sacrificing navigational safety and
economic feasibility in practice [2]. Moreover, the Ship Energy Efficiency Management
Plan (SEEMP) has been implemented at a practical level for liner shipping operators. On
13 April 2018, the IMO officially committed to slashing the total annual GHG emissions
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from sea transportation by at least 50% by 2050 in contrast with 2008, which marks the
launch of the first concerted mitigation goal [3]. The EEXI (Energy Efficiency Existing Ship
Index) was introduced in MARPOL Annex VI in 2022 as a mandatory technical provision
suitable for existing ships, and the CII (Carbon Intensity Indicator) has been put into force
for vessels over 5000 tons since 2023. To curb sulfur emissions, the IMO has nominated
four “Sulphur Emission Control Areas” (ECAs) to enforce limitations on sulfur oxides
(SOx) [4]. Ship operators have to switch to low-sulfur fuel to achieve compliance with
these regulations, whereas the low-sulfur fuels (e.g., low-sulfur HFO (LSHFO), marine
gas oil (MGO), marine diesel oil (MDO), and liquefied natural gas (LNG)) used inside the
ECA have higher prices than the ordinary heavy fuel oil (HFO) utilized outside ECAs [2].
Sometimes, fuel costs from some types of ships have accounted for about 50-60% of the
total operating costs [5,6] as the major component in the shipping costs. There is no doubt
that the increasing attention paid to environmental benefits also affects shipping operations
and sustainability.

Service performance is also vital for shipping lines in terms of creating vessel schedules.
During maritime transportation, various uncertain factors lead vessels to deviate from
their planned timetable. CargoSmart reports that 49% of 587 vessels’ arrivals at US and
South American ports were delayed from the planned schedule [7]. A detailed shipper
satisfaction survey reveals that, quality of customer service and the reliability of transit
times and booking/cargo shipments garnered scores ranging between 2.9 and 3 (from 1,
very dissatisfied to 5, very satisfied) [8]. We will undertake deep consideration of regular
uncertainties, which are classified into two categories [9]. One type is uncertainty at sea,
namely the ocean environment, which includes wind, waves, current, and tide. Particularly
adverse weather conditions in the winter season, as a main uncertain factor, will impact
speeds and times spent on sailing and service. Fuel consumption and ensuing emissions
produce an increase in high waves. Another type is uncertainty at the port, involving
port congestion, variation in the number of handled containers, insufficient equipment
capability, and unexpected waiting time for navigation. Uncertainties will impact schedule
reliability and environmental performance, especially when schedules are not designed
very well.

This paper considers the green vessel scheduling problem while accounting for re-
strictions on uncertainties and ECA regulations. To hedge against uncertainties at sea and
ports, it is highlighted that a service schedule with uncertain weather conditions and fuzzy
handling volume at a certain service level is generated, which also fills the research gap
pertaining to the current studies. A novel bi-objective model and fuzzy programming
approach are developed to analyze the conflicting objectives, which not only introduces
ECA regulations but also captures robust weather conditions at sea and fuzzy port times.
To develop an energy-efficient schedule, we undertake collective tactical planning to deter-
mine the number of deployed vessels, the sailing speeds, the ship routing, and the service
schedule for environmental sustainability. The fuel switching strategy is recommended to
examine whether ECA regulations impact operational measures, like fleet deployment and
sailing patterns, and economic and service performances.

The remainder of this study is constructed in detail as indicated below. Section 2
provides a survey of the relevant studies on liner shipping service schedules, including
speed models for reducing carbon emissions (Section 2.1), container shipping service
with uncertain factors (Section 2.2), and the impacts of ECAs (Section 2.3). Section 3
describes the green ship scheduling problem considering uncertainties and ECA impact.
Furthermore, the bi-objective model is presented for the problem. Section 4 confers the
solution techniques utilized in this paper, while Section 5 establishes a series of experimental
cases and sensitivity analyses to assess the performance of the formulated modeling. Finally,
the findings and some concluding remarks are included.
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2. Literature Review

There is a wide range of research carried out on ocean container transport, which
can be categorized into three main classes: strategic decisions, tactical decisions, and op-
erational decisions [10]. The ship scheduling and slow steaming problems belong to the
tactical decision category in medium-term planning. Since fuel consumption is nonlinearly
related to sailing speed and ship emissions are directly proportional to fuel burned, a
recent trend in container transport has turned to sailing speed to capture environmental is-
sues [11]. Therefore, a change in speed can dramatically impact both ship fuel consumption
and emissions.

2.1. Liner Ship Scheduling under Carbon Emissions

Among extensive studies on the subject of vessel scheduling models, much fewer
have investigated this problem on both operational and environmental aspects (i.e., “green
vessel scheduling”). Fagerholt et al. [12] study the fuel consumption function of speed as
a nonlinear continuous program, first discretizing the arrival times with a time window
and then applying the shortest path method to solve it. Based on their studies, Norstad
et al. [13] and Hvattum et al. [14] further develop different algorithms to solve the same
problem, subjecting to fixed time windows with a satisfying 100% service level. Consid-
ering the speed optimization problem with transshipment and container routing, Wang
and Meng [15] establish a mixed-integer nonlinear model, which is solved by the outer
approximation algorithm. Wang et al. [16] identify a port that can be visited more than
once, which extends their previous research. Alharbi et al. [17] remodel it as an integer
linear optimization formulation, solving by the proposed iterative method. Zheng et al. [18]
consider the service frequency restrictions in the ship deployment and speed optimization
problem. Wu et al. [19] explore the influence of EEOIs on solving ship deployment, sailing
speed, and routing choice problems. Alex et al. [20] explore the emissions, associated
contaminants, and public health implications of exposure to road-dust-associated viruses
to identify that road dust really participates in viral transmission.

The above-reviewed literature proves that the current tendencies in maritime trans-
portation have paid attention to speed strategies and environmental concerns regarding
ships. Recent research on this topic has addressed the schedule reliability concern in liner
shipping. However, the above studies on carbon emissions considering uncertain factors
are limited; particularly, they do not consider the impact of weather.

2.2. Liner Ship Scheduling under Uncertainty

Uncertainty is an important characteristic of maritime transportation. For the sake
of improving service effectiveness, it is essential to think about mitigating the impact of
uncertainties rather than merely addressing economic and environmental concerns. The
causes of vessel delays or earliness are commonly classified into two groups [21]. The first
includes uncertainties that occur frequently, like port/terminal congestion, accidental wait-
ing period during berthing or mooring, insufficient port/terminal productivity, accidental
waiting period at port-channel access (pilotage or towage), mechanical failures, and bad
weather. The second refers to an irregular or one-off event, like labor strikes. Here, we just
focus on regular uncertainties.

The literature addressing fuel consumption with uncertainties at sea and or/and at
ports is very limited. Qi and Song [22] deal with the vessel schedule problem regarding
the impact of uncertain port times by introducing the penalty of vessel delays, which
aims to decrease the total fuel consumption while sustaining different service levels. They
designed a robust containership route schedule to hedge against uncertain wait times and
container handling times, which allows fast steaming to recover the delayed schedule
and seek to obtain a trade-off between buffer time and schedule robustness. Wang and
Meng [9] explore the optimal containership schedule design problem by capturing uncertain
factors at sea and ports. A mixed-integer nonlinear stochastic programming model is
proposed, aiming to minimize the shipping cost and expected fuel cost in the presence of a
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certain transit time service level and no ship delays. Song et al. [23] formulate a stochastic
multi-objective model for the joint tactical planning of vessel scheduling problems. The
model aims to obtain the non-dominated relationship between the three objectives of
minimizing total operating costs, service reliability, and shipping emission subject to port
time uncertainty. Aydin et al. [24] present a dynamic programming model for speed
optimization to minimize total fuel consumption by discretizing port arrival times with
stochastic port times while maintaining schedule reliability. Dulebenets [25] develops a
novel mixed-integer nonlinear mathematical model to improve vessel schedule planning
and energy efficiency by regarding the carbon dioxide emission costs at sea and ports of
call. Only Wang and Meng [15] refer to uncertainty at sea among the mentioned studies
above, whilst most papers just take into account uncertainty at ports. However, the weather
conditions at sea need to be considered as an important uncertain factor when shipping
operators plan for vessel schedules.

Norlund et al. [26] develop a simulation-optimization-based methodology for gen-
erating a weekly supply vessel schedule, which incorporates both costs and emission
reductions subject to different degrees of robustness. Norlund and Gribkovskaia [27]
propose a simulation-optimization approach to minimize the total fuel consumption for
week-frequency vessel schedules in different weather conditions. They both take into
account changing weather conditions for speed optimization and estimating fuel consump-
tion. The weather is modeled as a Markov chain in their papers, and we will refer to this
assumption in this paper.

Mulder and Dekker [28] model the ship delay recovery problem as a Markov decision
process to determine the optimal recovery policy and buffer time allocation by minimizing
the total costs. Wen et al. [29] study dynamic recovery policies for liner shipping service
with the consideration of buffer time allocation and uncertainties. Some new methods
to solve uncertainties are proposed in decisionmaking. Debnath and Roy [30] apply an
emerging tool, T-spherical fuzzy set (T-SFS), to deal with uncertainty and solve hydrogen
(H2) refueling station site selection. Mondal et al. [31] put forward a novel three-way
multi-attribute decisionmaking model under an incomplete information system. The above
updated references study recovery polices or strategies to alleviate uncertainties.

2.3. Liner Ship Scheduling under ECA Impact

International shipping, as one of the more environmentally friendly transportation
modes, still produces substantial emissions as a result of burning fuels. The IMO has
enforced several regulations on ships moving between different jurisdictions; e.g., they have
imposed strict limits on the maximum sulfur content for ships in the ECA. By complying
with ECA sulfur regulations, shipping lines mainly adopt three methods, including fuel
switching, utilizing LNG as a substitute, or installing a scrubber [5,12].

By minimizing operating costs, Fagerholt et al. [5] formulate an optimization model
to determine the sailing pattern, including route and speed decisions. The motivation
is to evaluate the consequences of these decisions and fuel consumption regarding ECA
regulations. Fagerholt and Psaraftis [32] consider the strict limits on sulfur emissions to
optimize two speeds for ships sailing in and out of the ECA by maximizing daily profit,
which also involves the ECA refraction problem optimizing the point at the ECA boundary.
Gu and Wallace [33] evaluate and select sulfur abatement technology (fuel switching, using
LNG, or installing a scrubber) to meet the newest ECA rules. The research aims to analyze
the implication of ships’ sailing mode with different ECA compliance measures for the
global environment. The former two papers only switch to lower sulfur for ships when
sailing inside the ECA, while Gu and Wallace [33] compare three technologies under ECA
limits and indicate that the scrubber system is more suitable for more ECA port calls on the
shipping trade line. As the scrubber system is not effective for carbon reduction, we discuss
fuel switching and using LNG as an alternative. Dulebenets [25] introduces both emission
restrictions within the ECA and cargo transit time concerns for the green ship scheduling
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problem. They formulate a mixed-integer nonlinear mathematical programming model,
which aims to minimize the total route service cost.

There are also some papers studying whether and how the ECA regulations impact
other areas of shipping operations. Lindstad et al. [34] assess costs and fuel consump-
tion as a function of emission reduction options in ECAs while not involving port-side
consequences. Chang et al. [35] use a two-stage measure to explore whether ECA factors
influence the efficiency of port operations in regulatory areas, whereas the results show
that ECA regulations can cause efficiency loss in ports operating. Chen et al. [36] model
route-choosing behaviors of liner shipping to investigate the effects of the ECA on global
shipping, which reveals that a large number of ships will pass around the ECA; meanwhile,
the regional emissions will exceed the standard if an ECA is established. Zhen et al. [37]
construe the bi-objective model sailing inside and outside ECAs to optimize routing and
speeds. Zhuge et al. [38] study the sulfur regulations, carbon tax, and incentive mechanism.
However, the above studies examine the ECA regulations’ impact but do not consider the
weather impact at sea.

The highlights of this paper include threefold aspects. First of all, a novel bi-objective
fuzzy programming model is formulated for the green containership scheduling problem
regarding weather impact and ECAs, which aims to analyze the trade-off between environ-
mental concerns and service reliability. Secondly, we introduce different weather conditions
at sea and uncertain port times for the determining process of the sailing pattern, which
maintains a required level of robustness with liner shipping schedule design. Thirdly, we
present if and how different ECA compliance methods impact the two-speed strategy, even
further influencing environmental sustainability and schedule reliability.

3. Problem Description and Model Formulation

In this part, we provide an academic expression. The research problem is described
and the taxonomy is defined in Section 3.1. The configuration of the basic model with a cost-
minimizing objective is explained in Section 3.2; meanwhile, the mathematical expression
is provided. Section 3.3 provides the model formulation with maximizing service level.

3.1. Problem Description

Considering a universal liner shipping cooperation, a set of shipping lines are operated
to provide weekly service at a fixed sequence of port calls. Differing from other shipping
lines, liner shipping service is generally exemplified in its routines. Commonly, a fleet of
vessels with identical types is arranged to visit each port on the shipping line more than
one time, where a round-trip visit at each port of call is represented as a voyage. Vessels
follow the preannounced schedule to sail through the shipping line in successive voyages,
transferring containers at sea and loading/unloading containers at ports of call. Each
voyage consists of legs between two ports, each leg is composed of two stretches inside
and outside the ECA, and one stretch is separated by wave homogeneous regions due to
wave forecasting data collected from China Marine Environmental Forecasting Center.

With the increasing environmental concerns implemented by the latest ECA regulation,
a much more severe global sulfur emission cap since 2020 presents large opportunities
for shipping manufacturing. How to choose the optimal compliance measure through
alternatives is very important, to not only reduce GHG emissions but also evaluate schedule
reliability. The first way is fuel switching, which means ships burn more common and
cheaper types of fuel, heavy fuel oil (HFO) outside the ECA, while the marine gasoline
oil (MGO) with a much higher price and lower than 0.1% sulfur will be utilized inside the
ECA. Note that ultra-low-sulfur fuel oil (ULSFO) will be used outside the ECA to replace
HFO, which contains 0.5% sulfur since 2020. The second option is using liquefied natural
gas (LNG) as material for the ship’s propulsion system. Although fuel switching only
requires very limited initial investment and slight modifications to the ship, much heavier
fuel costs for MGO and ULSFO need to be borne by ship owners. However, choosing



Mathematics 2023, 11, 4874

6 of 25

LNG can efficiently escape the high expense of MGO rather than assuming a large initial
capital investment.

The green liner ship schedule problem under ECA limits is developed based on the
traditional liner shipping service. We consider a two-speed strategy and different sailing
route decisions with fuel switching inside and outside the ECA or LNG method. More
specifically, the distances inside and outside the ECA are varying based on different sailing
routes. The combined tactical planning problem for the number of vessels, the two sailing
speeds on each leg, the sailing route, and the service schedule throughout the whole voyage
will be determined. This paper aims to examine if and how the ECA compliance methods
impact the liner shipping schedule and service reliability of liner shipping companies and
ports, subject to uncertain weather conditions and uncertain port times. For depicting the
dynamics of the scheme, the process when a ship leaves from port p to arrive at port p’ is
divided into three periods: sailing inside ECA, sailing outside ECA, and handling at port,
as shown in Figure 1.

Yard blocks
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Sailing time Port time

[ ===
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Figure 1. Dynamics of the liner shipping service inside and outside ECA.

3.2. Cost-Minimizing Model

Based on the problem description and assumptions above, we introduce nomenclature
and notations, shown in Nomenclature part, to formulate the basic model of the green liner
shipping schedule.

Referring to Figure 1, A = 1,2 indicates sailing periods inside and outside the ECA,
respectively. Meanwhile, d;,‘ represents distances from port p to the next port inside and

outside ECA when A = 1,2, varying with different sailing routes. [ € L;‘ expresses separate
segments by different wave homogeneous regions, induced from wave forecasting data
by China Marine Environmental Forecasting Center. Furthermore, Av; indicates the speed
decrease on each segment | € L;, which is produced following the Markov chain, according
to varying weather conditions. The quantity of arranged vessels, the actual arrival and
departure times, the sailing speeds inside and outside ECA on each leg, and the shipping
route will be determined through the model.

The first objective aims to minimize the total costs for the shipping company, which
consist of the fuel consumption cost, carbon emission tax, operating cost during the plan-
ning period, and handling activities cost. This decision-making process heavily depends
on the implementation of cooperation and information sharing between shipping liners
and ports. Equation (1) is the cost-minimizing objective, composed of Equations (2)—(5).

Namely,

Min F1 = FC+ EC+OC + HC 1)
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FC = Z Z Z Z Ef)‘,),fz;;]\;f 4 E Z fMGO'YporttZZrt )

keKleL peP AeAdeS keK peP
EC = Z E e/\g/\,yfv/;]f + 2 2 eportgport,)/porttizrt (3)
keKleL peP AeAdeS keK peP
OC = nMT/24-u° 4)
HC=Y"Y u"hy/ry ®)
keK pepP
Subject to:
T =168n (6)
T=Y 1 @)
peP
T, >hy+ Y dy/s VpeP (8)
AeA
p—1
EAT = (k—1)T+ ) 7 VpeP kekK )
j=1
EAT = EATN 1k VkeK (10)
EAT 1 = A1 (11)
EDTyx = EAT pr + hpi/7p VpeP, kekK (12)

Constraint (6) maintains the shipping service with weekly frequency [9]. Constraints
(7)—(11) ensure the regularity and consistency of the container shipping service [23]. Con-
straint (12) represents the minimum expected departure time.

y
Ayg = D1+ gk Vke[2,3,. .. M (13)
Apk = Dy_1i+£0'F Vpe23,..., NLkeK (14)

Equations (13) and (14) represent the actual arrival times along the voyage. In de-
tail, Equation (13) restricts the actual arrival times at the origin port on the following
voyages except for the first one, while the arrival times at the following ports when
p €12,3,...,N],k € K are imposed as Equation (14).

t;u’iling _ Z Z A(Sd;}vr);lf VpePkeK (15)
’ AEASES

The sailing time is linearized through discretizing sailing speeds as Equation (15).
t
Dpx = Apg+ tZZ’ VpePkcK (16)

Equation (16) endogenously denotes the dynamics after saving at the port, which, plus
the port time, then turns into the departure time.

0 = Co + e/ 1 VpePkeK (17)
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Equation (17) represents that the total port time is the operating time plus the uncertain
part at the port.

3
,_ (8) s Veeser) (18)
M= 5 Ay, ’ 4

In Equation (18), the fuel consumption for each segment | € L{; is measured in tons
and developed based on the realistic closed-form approximation of fuel consumption [4].
In addition, this fuel consumption function takes into account the uncertain weather
conditions, referring to Norlund et al. [26], given the assumption that the engine power
output would not alter under different weather conditions. Severe weather conditions will
augment resistance to cause speed reduction, while the unit fuel consumption remains
unchanged. Then, the sailing time for a given instance rises owing to extra resistance,
where Av; is the speed reduction due to wave height varying on different segments | € L?,.
Each weather state highly depends on the previous state and may change every 6 h.

Y v =1 VAeApePkeK (19)
oeS

Equation (19) ensures that one speed from the speed bracket is selected on each stretch
within or outside ECA on each leg.

v;,‘,fe{o,l} VéeS,AcApePkeK (20

T, € R* VpepP (21)

TeZ,nez" (22)

Ay eQt, Dy eQt, t;‘;j””g cQt, tfj,i” e Qt, wy € Q VpePkeK (23)
7 €RY véeslel, (24)

Equations (20)-(24) impose the nature and domains for all the decision variables.

3.2.1. Uncertain Weather Conditions

The sea environment involves waves, wind, and currents as some of the key factors,
which significantly impacts ship route planning to follow the published schedule, which
affects both sailing and service times. When ships travel at sea, the sailing speed will decline
because of the impacts of wind and wave resistance. The above phenomenon represents
so-called speed loss, not only linking to ship tonnage, draught, and hull shape but also
relying on attributes of cargo and stowage. The planners of liner shipping service regard
wave height as the most vital weather cause as it impacts sailing duration and service time,
and may result in waiting before entering the port because of safety requirements for the
loading and unloading process. Especially in winter months, the waves are on average
higher and larger, fluctuating more than in summer months. The period of a voyage in
winter will normally be longer than that in summer.

In this paper, the impact of waves on ship speed and ship exhaust emissions is analyzed
and mathematically modeled. Uncertainty and robustness of wave height information are
integrated to identify ship activities exactly. Involving robustness concerns in a schedule
may lead to the application of additional vessels because of longer voyages, which impacts
the costs, fuel, consumption, and emissions forwardly.
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Referring to Norlund et al. [26], we take into account the environment robustness
parameter #, which represents the robust level of wave state when making the schedule
and takes the value in [0, 1]. Then, we assume that the wave heights in a fixed period are
extremely relying on those in the earlier period following the Markov process, and the wave
height changes dynamically per 6 h time due to wave forecasting data [39]. The weather
statuses with the corresponding impacts on sailing speed are shown in Table 1, where
the loss in sailing speed is assumed in a reasonable range. Furthermore, the probability
distribution of weather conditions is discretized and set as P = [p1, p2, p3, p4], where py
represents the weather state 1 when speed loss is 0 kts and p; includes states 1 and 2.
Similarly, p3 denotes speed loss is 0-3.5 kts; p4 consists of the first four states; and ‘1’
represents all the states that are possible to appear.

Table 1. Weather status.

Weather Status Distinct Wave Height (m) Loss in Sailing Speed (kts)
1 <15 0
2 [1.5,2.5) 1
3 [2.5,3.5) 2
4 [3.5,4.5) 3
5 [4.5, 8) 4

Based on these assumptions, we calculate the average speed loss on each segment
le L;}. The pseudo-code for the production of Av; is shown in Table 2, where #; indicates
the robust level of wave heights on each segment, Xl(t) indicates the weather condition in
tth period, and EAT] represents the expected arrival time when the vessel sails to segment
I. Then, XZ(O) iterate according to Markov transition matrices ® = [®1, O, O3, Dy, Ps] till

the segment ends.

Table 2. Pseudo-code for the production of the speed decrease.

set robust level #; in [0, 1]
if 7, € [0, p1] do
Xl(l) = d>1X1(0) generate Av; = 0 then
else if 7, € (p1,p2] do
Xl(l) = <I>2XI(O) generate Av; = [0,1]
else if 7; € (p2, p3] do
Xl(l) = <I>3XI(0) generate Av; = [0,1,2]
else if 1, € (p3, ps] do
Xl(l) = d>4Xl(0) generate Av; = [0, 1,2, 3]
elseif 77, € (pyg,1] do
xM = 05X\ generate Av; = [0,1,2,3,4]
then iterate
if Iteration Number = |EAT,/6|
end if
end if

3.2.2. Uncertain Port Times—ME Measure

The ME measure is introduced by referring to Xu and Zhou [40], which is proper
for real-life decision-making problems in fuzzy circumstances. Then, a general fuzzy
bi-objective model is established with expected objectives and chance constraints (ECM)
subject to the ME. The loading and unloading operation times face a complex environment,
including deviation in arrival time, inefficient berth allocation plan, mechanical failure or
maintenance, port congestion, and other unforeseen events. Considering the uncertain han-
dling times as fuzzy parameters, the basic model with objective functions and constraints
is converted into its crisp counterparts based on the ME measure.
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Firstly, a tight style of the basic possibility chance-constraint programming formulation
is as below, where the expected value of HC is denoted as E[HC] and transformed from
constraint (17). The uncertain parameter of handling volume is presented as a triangular
fuzzy variable: hy = (hpk, X pk,s ,Bpk) . 0y indicates the minimum confidence level, which
is assumed to be satisfied with by the chance constraints.

Min E[F1] = E[FC + EC + OC 4+ HC] = FC + EC + OC + E[HC]

s.t.
Me{ (tgz” - g,,k) Tk > h,,k} > o VkeK peP (25)

Following Xu and Zhou [40], the aforementioned model can be converted into two
models with the possibility of Pos and the necessity Nec. Specifically, the Pos measure
stands for optimistic attitude, while the Nec measure stands for highly pessimistic attitude.

The lower approximation model (LAM) and the upper approximation model (UAM)
are stated as listed below:

Min E[F1]
(LAM) s.t.
Nec{ (tzz” — gpk) ok > Zpk} > Ok VkeK, peP (26)
and
Min E[F1]
(UAM) s.t.
Pos{ (tzzrt — gpk) Tk > Zpk} > Ok VkeK peP (27)

The crisp counterpart expression of the above models can be formulated by

1 t
MinE[Fl]= & ¥ © ¥ L fYfo)d + & ¥ fMOqportehy
keKleL peP AecAJeS keK peP

+ Z Z Z Z Z €A9A’Y?U;}£+ Z Z eporteport,yporttgzrt

keKleL peP AcAdeS keK peP
+nMT/24-u°
1—p hpk o h
+ X X (ke —api ) + 5 + 5 (hpk + Bpr ) Ju' /7
B (2 ) 12 8 )
(LAM) s.t.
(i’gzﬂ — gpk) T pk > hpk + (1 — Upk) ',Bpk VkeK, peP (28)
and
Min E[F1]
(UAM) s.t.
(tizrt — gpk) Tpk > hpk — (1 — apk) Apk Vkek, p e P (29)

where p(0 < p < 1) is the optimistic—-pessimistic parameter to interpret the unified view-
point of decisionmakers.
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3.3. Service Level Maximizing Model

As referred to above, service level denotes a key aspect when designing vessel sched-
ules by reliability [41,42]. The primary factor is uncertainties both at ports and at sea that
exist in the voyage. The service level is determined by the most direct customers, shippers,
or charterers. What customers mostly care about is whether they can receive their cargo
on time or not; namely, schedule reliability is critical for customers. Nevertheless, if the
schedule has been better-drafted considering uncertainties, it is available that the shipping
line can acquire a higher service level at calling ports. Meanwhile, we also examine whether
ECA regulations impact the efficiency of liner shipping service on the shipping routes
through such areas.

The second objective aims to maximize the liner shipping service level or schedule
reliability. The service level is generally measured using the delay time at the departure
period, referring to Lee et al. [43] and Xiang et al. [44]. When a vessel arrives later than the
contracted time window, customers’ satisfaction starts to decrease. Since delayed cargo
may lead to higher costs for customers, punctual delivery of containers plays a significant
role in liner shipping service. Then, we can represent the increasing margin of delay impact
as a stepwise function, where customers and ports along the maritime supply chain may
bear a small delay, whilst a large delay will lead to deviation from the designed schedule
and a negative impact on the service level.

This provides,
MaxF2=Y Y wpk(Dpk - EDT,,k) /(M-N) (30)
keK peP
For busy ports:
1 if Dy — EDT . < 12
75% if 12 < Dy — EDTp < 24
Wy = { 50% if 24 < Dy — EDTp < 36 VpePkeK (31)
25% if 36 < Dy — EDT,y < 48
0 if Dy — EDT i > 48
For idle ports:
1 if Dy — EDTp < 16

80% if 16 < Dy — EDT i < 24
o _ ) 60% if24 <Dy~ EDTy <36

PET ) 40% if 36 < Dy — EDT < 48
20% if 48 < Dy — EDT i < 60
0 if Dpk — EDTpk > 60

VpeP ke K (32)

So, we provide the bi-objective programming model, shown as Equations (1)—(24) and
(28)-(32).

4. Solution Approach

Based on the possibilistic and fuzzy framework for modeling, it is, therefore, essential
to propose the solution procedure for the complex problem. The model under an uncer-
tain environment has already been defuzzified (i.e., transformed to its crisp counterpart)
utilizing a new fuzzy method: ME.

In this section, the augmented epsilon-constraint measure [45] is applied to transform
the bi-objective formulation into an equivalent single-objective model, which is a classic
measure aiming to achieve optimal Pareto solutions.

The whole process of the proposed solution process is supplied in the subsequent steps:

Step 1: Apply the ME measure to convert the above model with fuzzy parameters into the
basic possibilistic chance-constraint programming model by setting the minimum
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confidence level, which is further transformed into two models with the possibility
Pos and the necessity Nec. The conversion process is shown as Formulas (25)—(27).

Step 2: Defuzzify the resultant possibilistic objective function and constraints to their crisp
counterpart formulation by using the optimistic—pessimistic parameter, shown as
Formulas (28)—(29).

Step 3: Transform the bi-objective programming model after defuzzification by utilizing
the augmented e-constraint measure.

Step 4: Consider the minimum confidence level 0, and the optimistic-pessimistic param-
eter p according to the decisionmaker’s preference, and then solve the proposed
auxiliary crisp models (28)—(29).

Step 5: Restart Steps 1-4 to obtain the optimal compromise solution using an interactive
measure with the decisionmaker until obtaining a satisfactory efficient compro-
mise solution, where the interactive approach is implemented by varying control
parameters, such as the weight vector of objectives, to achieve satisfaction [46].

The design of the augmented e-constraint measure is explained in the following steps.
Here, objective function (1): minimizing the total costs is considered as the main objective
(33), while objective function (30): maximizing the service level is added to constraints
(34)—(35), together complying with a feasible decision domain X. Specifically, an augmented
term is introduced to ensure generating an effective resolution for each € vector [47], where
the ranges and priorities of objectives aim to normalize the augmented term while avoiding
the scaling question; then, it can be turned into the following model:

R -F™ s

Min 1 range; o range, (33)
s.t. Fp(x) —sppy =€ (34)
x € X; sy € RT (35)

where ¢1 and ¢, denote the priorities of these two objective functions and ¢1 + ¢2» = 1, w
denotes quite a small number (usually taking values in [107°,1073]); range, and range,
show the range of objective values; sy, represents the slack variable of the second objective.
Furthermore, the varying Pareto solutions can be obtained by varying the € vector, which
is decided via the scope of every constrained objective function; meanwhile, the related
payoff table can be filled.

Afterward, range, and ¢; are further computed as following steps [45], where F;"*

and F;,”m represent the maximum and minimum values of objective p, correspondingly.
Moreover, jt is the grid point’s number and 1, are equal intervals that range,, is divided into.

range, = Fy — B Vp=12 (36)
8;24:1:27"’13(*%:1&' Vu=01,...,np—1 (37)
2

Through the transformation, the bi-objective function is converted into the single
function problem. All computational experiments in the following parts are implemented
with ILOG CPLEX version 12.8, which is a powerful engineering computation software, by
utilizing the branch-and-bound algorithm to solve the mixed-integer programming problem.

5. Numerical Experiments

In this part, the details of the experiments for the liner ship schedule design problem
are offered to promote the performance of the extant schedule in the areas of cost efficiency,
environment friendliness, and service reliability, and this is also conducted to validate the
suggested solution to meet the uncertainties at sea and ports within the ECA restrictions.
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5.1. Input Data Generation

Considering a trans-North Atlantic liner shipping service way [33], displayed in
Table 3, it consists of seven ports (and eight ports of call), with ECA involvement in the
string of GOT (Gothenburg, Sweden), HFX (Halifax, NS, Canada), NYK (New York, NY,
USA), WTN (Wilmington, NC, USA), PCA (Canaveral, FL, USA), MIA (Miami, FL, USA),
HOU (Houston, TX, USA), and back to GOT. Furthermore, different leg options are assigned
in the loop with the same starting and ending ports, and then the sailing distances inside
and outside the ECA as well as the total distances are different for route alternatives.
Varying from Leg Option 0 to Leg Option 4, the path within the ECA gradually decreases
whilst the total traveling distance increases. In other words, the ship sails the shortest total
distance as well as sailing the longest distance in the ECA.

Table 3. Details of port calls in the shipping service and their route alternatives [33].

Distance (ECA/Non-ECA)—Nautical Miles

N Handling Volume
o. Port
(TEU) Option 0 Option 1 Option 2 Option 3 Option 4

1 Gothenburg 2500 1225/1635 1133/1938 848/2302 788/2517 664/2760
2 Halifax 2700 549/0 525/292 492/349 464/400 449/440
3 New York 3000 485/0 469/348 452/390 436/431 423/477
4 Wilmington 2300 361/0 298/254 287/265 276/282 265/348
5 Canaveral 2000 491/0 415/118 335/229 307/299 287/361
6 Miami 2100 641/0 565/171 467/303 413/400 397/465
7 Houston 2800 2422/2683 1586/3681 1257/4062 781/4610 661/4877

In our experiment, three voyages, i.e., M = 3, are considered, and four vessels of
8000~10,000 TEUs are assumed to be deployed to provide weekly service in the loop. The
number of containers to be operated at every port is set as U[2000,3000] TEUs, and the
handling rate is offered as [100,125] TEUs/h. In addition, the uncertainty of the ship’s port
time conforms to N (24,4.82) [23].

Furthermore, to evaluate the performance results under different weather conditions,
we use the forecasting wave data in the North Atlantic from the China National Marine
Environmental Forecasting Center (NMEFC) [39], as in Figure 2 (the ranges of latitude
and longitude: N30~60, W100~E12). Referring to the significant wave heights both in the
summer month of July and winter month of January, the start state probabilities and the
transformation probabilities between each weather state for these two months are listed in
Tables 4 and 5, respectively. The start state probabilities signify the occurring frequencies
of the different weather statuses. Moreover, the transition matrices involve the possibil-
ities, which indicate one weather stage in a time phase changing to another in the next
time phase.

In the following, two sets of cases are presented. In the first group, the Pareto solutions
of LAM and UAM models using the results are illustrated from the augmented e-constraint
method by changing o, p, and ;. More specifically, different solutions can be found with
uncertain weather conditions and fuzzy handling volumes, which incur random port time.
In the second group, the influence of important parameters is examined, involving the dif-
ference between ECA abatement options and sailing route alternatives. All computational
experiments are implemented with CPLEX version 12.8 by utilizing a laptop with an Intel
Core 15-6300HQ Processor (2.30 GHz) and 8 GB of RAM.

Table 4. Start state probabilities.

State 1 State 2 State 3 State 4 State 5
(a) July

0.022 0.033 0.426 0.439 0.080
(b) January

0.000 0.002 0.042 0.057 0.899
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Figure 2. Forecasting wave heights in North Atlantic.

Table 5. Transition matrices in summer and winter seasons.

State 1 State 2 State 3 State 4 State 5

(a) July

State 1 0.454 0.546 0.000 0.000 0.000
State 2 0.105 0.647 0.248 0.000 0.000
State 3 0.124 0.106 0.670 0.120 0.004
State 4 0.000 0.000 0.182 0.689 0.128
State 5 0.000 0.000 0.000 0.127 0.872
(b) January

State 2 0.634 0.366 0.000 0.000 0.634
State 3 0.169 0.78 0.051 0.000 0.169
State 4 0.000 0.208 0.74 0.052 0.000
State 5 0.000 0.000 0.323 0.677 0.000

5.2. Solution Approach Performance

The experimental results are appraised for the deterministic model and fuzzy pro-
gramming model. Different Pareto solutions are provided for variant combinations of
confidence level 0y, = 0.8, optimistic-pessimistic parameter p = 0.5, and ¢&;. Here, we
assume that route option 1 is provided in the loop under the abatement method; i.e., MGO
and HFO are used inside and outside the ECA. The summer month of July is selected
and the environment robustness parameter is assumed as # = 0.5. The triangular fuzzy
numbers of handling volume vary by 50% based on the underlying values in Table 5.
The cost-minimizing objective is considered as the main objective function, while the
service-level-maximizing objective is regarded as a constraint while considering w = 1074,
u =3, 91 =0.5,and ¢, = 0.5. The other corresponding data according to the ships and
service routes considered in the case study are provided in Table 6 as a situation in the
shipping market.

Table 6. Input data settings.

Parameter Value Source(s)

Unit HFO cost: (USD/ton) 450 BunkerIndex [48]
Unit MGO cost: (USD/ton) 700 BunkerIndex [48]
Unit ULSFO cost: (USD/ton) 600 BunkerIndex [48]
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Table 6. Cont.

Parameter Value Source(s)
Unit LNG cost: (USD/ton) 350 Lindstad et al. [34]
Carbon dioxide emission factor for HFO 3.13 IMO [1]
Carbon dioxide emission factor for MGO/MDO 3.19 Kontovas and Psaraftis [49]
Carbon dioxide emission factor for ULSFO 3.13 Kontovas and Psaraftis [49]
Carbon dioxide emission factor for LNG 2.75 Kontovas and Psaraftis [49]
Daily charter cost of large LNG ship (USD/day) 60,000 Clarkson [50]
Daily charter cost of 9000 TEU container vessel (USD/day) 35,000 Clarkson [50]
Handling cost (USD/h) 200 Venturini et al. [51]
Uncertain part of the port time (h) N (24, 4.82) Song et al. [23]
Handling rate (TEUs/h) [100, 125] Dulebenets [25]
Unit fuel consumption at port (ton/h) 0.35 Kontovas and Psaraftis [49]
Fuel consumption at the normal operational speed of .
24 knots (ton/day) 250 Notteboom and Vernimmen [52]
Minimum sailing speed (knots) 14 Kontovas and Psaraftis [49]; Song et al. [23]
Maximum sailing speed (knots) 24 Kontovas and Psaraftis [49]; Song et al. [23]
5.2.1. Different ME Parameters
The results of the LAM and UAM models under different values of o, (0.7 ~ 1) and
p (0 ~ 1) are reported in Table 7.
Table 7. LAM and UAM results under different o, and p.
0.7 0.8 0.9 1
p obj1 obj2 obj1 obj2 obj1 obj2 obj1 obj2
0 LAM 12,605,710.444 0.7120 12,257,686.545 0.7209 11,948,331.726 0.7357 11,665,869.875 0.738
UAM 10,896,004.011 0.8029 11,139,924.274 0.7723 11,395,660.072 0.7599 11,665,869.875 0.738
02 LAM 12,615,454.435 0.7123 12,267,430.537 0.7212 11,958,075.726 0.7360 11,675,613.847 0.7386
) UAM 10,906,138.331 0.8031 11,149,019.913 0.7726 11,405,750.050 0.7501 11,675,613.847 0.7386
04 LAM 12,625,198.423 0.7126 12,277,174.548 0.7214 11,967,819.726 0.7362 11,685,357.466 0.7386
’ UAM 10,915,882.141 0.8031 11,158,763.901 0.7729 11,415,148.072 0.7504 11,685,357.466 0.7386
0.6 LAM 12,634,942.357 0.7126 12,286,918.457 0.7214 11,977,563.726 0.7362 11,695,101.387 0.7386
’ UAM 10,925,626.314 0.8031 11,168,507.134 0.7729 11,424,892.072 0.7504 11,695,101.387 0.7386
0.8 LAM 12,644,686.766 0.7128 12,296,662.507 0.7216 11,987,307.726 0.7364 11,704,845.586 0.7388
’ UAM 10,935,370.414 0.8033 11,178,263.436 0.7730 11,434,982.050 0.7506 11,704,845.586 0.7388
1 LAM 12,654,430.243 0.7131 12,306,406.702 0.7219 11,997,051.726 0.7367 11,714,589.365 0.7392
UAM 10,945,114.633 0.8035 11,188,007.608 0.7732 11,444,380.072 0.7507 11,714,589.365 0.7392

To sum up, the feasible Pareto solutions according to the varying extent of optimistic—
pessimistic parameters and confidence levels could be obtained through the proposed
models and approaches since, in a fuzzy environment, crisp solutions from two proposed
approximation models (LAM and UAM) provided to strategic decisionmakers are somehow
unrealistic. As one of the main advantages of the ME measure, decisionmakers can obtain
interval solutions in the fuzzifying procedure, and thus the upper and lower bounds for
optimal solutions are provided, including more information [40].

Table 8 and Figure 3 illustrate the Pareto frontier of UAM by changing e,, which is
realized with different p and o,y = 0.8, 0 = 0.5. For this, the range of the second objective
is calculated first, consisting of the best value of 0.973 and the nadir value of 0.214. It can
be observed that the service level is improved with y decreasing since a smaller i provides
a larger feasible region for the second objective in the constraint. As mentioned before,
economic and service performances have contrary variation trends. The total cost is fairly
sensitive at a lower service level compared to that at a higher service level. To improve
service reliability, shipping lines need to speed up to cover the uncertainties at sea and
ports, which incurs increases in fuel consumption and carbon emissions, and thus the
corresponding costs.
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Table 8. UAM results under alteration in y (Upk =080 = 0.5).
u obj1—Cost obj2—Service Level
0 11,541,069.812407 0.9500
1 11,430,368.3133582 0.8927
2 11,272,543.7077613 0.8113
3 11,164,650.6703017 0.7735
4 11,076,200.8909524 0.7035
5 10,997,214.5430556 0.6743
6 10,931,762.8190744 0.6139
7 10,869,583.1940407 0.5002
8 10,806,026.4358411 0.4835
9 10,749,505.0545548 0.4522
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Figure 3. Pareto frontier of UAM under alteration in p (apk =08,p= 0.5).

5.2.2. Varying the Weather Robust Level n

Uncertain sea environments also have implications on the shipping lines” schedules.
Added resistance due to adverse weather and sea conditions is mostly encountered in the
ship journey. We will examine how such differentiation would affect sailing speed and
port times.

In this experiment, considering y = 5, 0, = 0.8, and p = 0.5 on route option 1, we
just account for the effect of wave reflection on added resistance without considering the
wind effect to better illustrate how such differentiation in wave heights would impact fuel
consumption and costs.

It can be seen that the cost objective value and its components, including the bunker
consumption cost, carbon emission tax, and port service cost under different weather
conditions, are represented in Figure 4. (i.e., I1~I5: different weather robust levels in July;
16~19: different weather robust levels in January).

We observe that the total cost ranges from USD 10,817K (10,816,694.5179) to
USD 11,961K (11,960, 673.1524), while the service level stays around 67%. Some inter-
esting aspects of the data can be observed. For both July and January, the cost value and
corresponding components gradually increase with the robustness requirements increasing,
which induces a decrease in speed and loss in fuel consumption. The cost rise is mainly
related to the fuel consumption rise, which accounts for around two thirds of the total
cost. The influence on cost and fuel consumption, considering the robustness requirements
in a monotonous season, is quite bounded, even from strong robust sea environments.
However, there cannot be a straightforward conclusion regarding the relationship between
sea environments and speed strategy under the case settings. Even though the variation
in wave heights causes a decrease in sailing speed, it does not affect the speed strategy of
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decisionmakers considering cost minimization as the main objective. Another reason is that
the adverse sea environment leads to an increase in sailing speed, which may also induce
an increase in the number of deployed ships, rendering the speed strategies ineffective.

fuel cost at sea [ carbon tax at port

2% fuel cost at port operating cost --0--

[ carbon tax at sea ||| handling cost speed
= 23
(0] ey = °
Lﬂ:) T §
‘c_> 22
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" 12 13 14 15 16 17 18 19
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Figure 4. Objective functions, cost components, and average speed under weather in July and January.

We also represent the average speeds on seven legs inside and outside ECAs under
nine instances, which have slight changes in different instances. The speed inside the ECA
is higher than that outside the ECA due to the expensive bunker (MGO) selected to comply
with the sulfur controls inside the ECA. When the ship sails on the leg with the longest
distance, the speed reaches the lowest for bunker consumption saving. All the ships sail
at high and medium speeds whether inside or outside the ECA because liner shipping
companies and port operators need to maintain the service reliability at 67%, which is a
constraint (# = 5), while minimizing the total cost.

5.2.3. Varying the Fuzzy Handling Volume

As in the above parameter settings, assume y = 5, Opk = 0.8, and p = 0.5 for route
option 1. We vary the triangular fuzzy variable for the container handling volume with 20%
increments from 10% to 90%, where the range 10% denotes that the fuzzy parameter varies
10% larger and smaller than the basic setting. The results are shown in Figures 5 and 6.

Similar patterns to Figure 4 can also be observed in Figure 5. The total cost and the
components generally increase with the rise in handling volume and thus the container
handling time. This could be caused when the vessel may speed up to maintain service
reliability by saving sailing time, adding extra port time. The dramatic increase in bunker
cost leads to the total cost rising. The operating cost and voyage time also increase,
which can be explained in terms of the increased extent of port time being larger than the
decreased extent of sailing time. A slight change in the container handling volume and
further incurring a corresponding change in the port time have a moderate impact on the
total cost. The service level decreases gradually from 68% to 64%, which is not plotted.

In addition, the achievement of differing speeds with port times increasing gener-
ally occurs, as shown in Figure 6. It shows that the sailing speed performs to be more
related to the service unreliability with the consideration of port time rising when a vessel
arrives late.
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Figure 5. Objective functions and cost components accounting for fuzzy handling volume.
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Figure 6. Average speed on each leg accounting for fuzzy handling volume.

5.3. Sensitivity Analysis

In this part, some managerial insights are provided, conducted on experimental
examples regarding key parameters in the mathematical formulations.

5.3.1. Impacts of Different Abatement Alternatives

The fuel price has an impact on the experimental results, recognized as the key
parameter. Accordingly, the sensitivity analysis is performed with different combinations
of bunker prices corresponding to abatement alternatives.

Considering state 3 in July, o,y = 0.8, p = 0.5, and p = 5, we assume that the supply
of LNG is sufficient. The daily chartering costs of a container ship and an LNG ship are set
as USD 35 K and USD 60 K. We will present nine instances as follows: before 2020, MGO
and HFO were used and set as (700, 450) USD/ton; after 2020, MGO and ULSFO are used
and set as (700, 600), (700, 700), (800, 600), (900, 600), and (1000, 600) USD/ton. For the LNG
case, it is set to be 350, 450, and 550 USD/ton.
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Figure 7 shows the cost versus the service level of the Pareto solutions, as well as the
carbon emissions in the bi-objective UAM models. Figure 8 shows the average speed on
each leg under different instances. As can be observed from Figure 7, the total cost increases
while the service level decreases with the bunker prices rising when the operating cost is
fixed at USD 35K.
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Figure 7. Pareto solutions and carbon emissions under different abatement alternatives.
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Figure 8. Average speed on each leg under different abatement alternatives.

As shown in Figure 8, the difference between two speeds inside and outside the ECA
enlarges with the ratio of bunker prices increasing, and vice versa, by comparing instances
1-6. To be specific, the decline degree of speeds inside the ECA is larger than that outside
the ECA. In addition, for the LNG cases in instances 7-9, ships sail above 19 knots, and it
does not exist in two-speed conditions, where LNG can be used both inside and outside
ECAs. Comparing all the Pareto solutions in Figure 8, when using LNG as substitute
fuel, instances 7-9 show higher service levels in schedule design due to the lower price of
LNG, and the carbon emissions approach to I3 with the bunker price (700, 700) USD/ton,
while presenting higher than those in instances 7-9 and lower than those in instances 1-2.
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However, the carbon emissions decrease with bunker price increasing in instances 1-6, the
same as the trend in the total costs.

Finally, the varying Pareto solutions and speed decisions both show the importance
of considering different abatement alternatives. LNG will be a better fuel alternative
shortly, while MGO and ULSFO will not increase beyond a certain level, and the best
solution in differing cases constantly presents a service-oriented schedule. Higher prices
regarding MGO and ULSFO contribute to decreasing the fuel consumption and carbon
emissions while raising the total cost and lowering the service level when taking ECA limits
into account.

Furthermore, the experimental results depict that the liner shipping sector cannot
meet the schedule reliability with a high service level, which results in additional fuel
consumption and imposition of a carbon tax, which are relevant factors while considering
economic benefits as the primary target.

5.3.2. Impacts of Different Shipping Routes

We also investigate the effect of different leg options (sailing routes and speed strate-
gies) on the optimal solution. The shipping routes share the same origin and destination
ports but vary the ECA, non-ECA, and total distances, as shown in Table 4. Assuming MGO
(700 USD/ton) and HFO (450 USD/ton) are used and weather state 3 in July, o, = 0.5,
n = 0.8, and u = 5, Figure 9 illustrates the comparison of Pareto solutions and carbon
emissions on different sailing routes. Figure 10 shows the speed strategy involving different
sailing routes.
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Figure 9. Pareto solutions and carbon emissions under different shipping routes.

Figure 10 also shows a similar pattern as Figure 8, that there is a difference between
two speeds inside and outside the ECA. The ECA and non-ECA sailing speeds both increase
with the distance inside ECA decreasing, which means cheaper fuel will be used along the
route. When a ship sails a shorter distance inside the ECA and a longer total distance, the
fuel consumption and carbon emissions increase with the sailing speed and total distance
rising, whilst the fuel cost decreases due to less MGO used.

It can also be observed from the Pareto solutions in Figure 9, as expected, that the
average service level of ports decreases with the total cost increasing. The service reliability
of schedule design increases by 10% comparing Option 0 with the longest ECA distance
and Option 4 with the shortest ECA distance, which reflects that ECA regulations may
harm shipping service reliability and impact schedule operating when imposing emission
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constraints. In addition, the carbon emissions are increasing with the ratio of ECA distance
to total distance decreasing under different scenarios, which evidences the necessity of
bringing ECA regulations into force.
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Figure 10. Average speed on each leg under different shipping routes.

6. Conclusions and Future Research

With the consistently growing attention paid from society to environmental benefits,
the shipping industry is being called to put forward innovative approaches to improve
the energy performance of ships in operation management. This paper aims to investigate
how such regulations, mainly involving sulfur control within an ECA, impact green vessel
scheduling (i.e., ship carbon emissions). Given that apparent viewpoint of the influence, it
is highlighted that we address how to optimize two objectives, including the cost and the
service unreliability, which have conflicting behavior. A novel bi-objective model has been
presented and tackled by utilizing the augmented e-constraint approach to produce a set of
Pareto solutions by balancing the economic and environmental sustainability, which not
only introduces ECA regulations but also captures robust weather conditions at sea and
fuzzy port times. This would enable shipping lines to make appropriate decisions to satisfy
their different preferences.

On the experimental aspect, almost all the instances are verified to be solved, and the
results demonstrate a few interesting observations: (i) the UAM (upper approximation
model) and LAM (lower approximation model) results obtained through the ME measure
provide decisionmakers interval solutions with more information; e.g., by increasing
the service level 3%, the total cost decreases from USD 12,606K to USD 108, 966K when
comparing the UAM and LAM results ((Tpk =07&p= 0) ; (ii) the weather impact in one

month is very limited, while the incorporation of strong robustness against various weather
conditions under different seasons is costly, both regarding fuel cost and service level;
(iii) the fuzzy handling volume incurs changes in port time, and, if there is an increase in
port time, this may further cause loss both in total cost and service reliability; (iv) LNG
as a substitute fuel may acquire higher energy efficiency of ships when the bunker has a
relatively low price, and vice versa; and (v) ECA regulations may harm service efficiency
involving longer sailing distances inside the ECA.

Referring to managerial thinking, the liner shipping company should consider the
uncertainties at sea and ports, and also the ECA regulations when designing the shipping
schedule. It is better to reserve robust time to meet the planned schedule because of possible
disruptions at port and at sea, like severe weather and uncertain port times. LNG is a
good choice as a substitute fuel to mitigate sulfur emissions. When the ship operators
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sail and encounter severe weather on the sea, they will have better reverse robust time
to meet their planned schedule. As expected, the liner shipping companies design and
implementation of green vessel schedules may increase energy efficiency and consider
significant operational disciplines like cargo transit time requirements [53]. Hence, with
the regulations on ship emissions that the IMO publishes becoming increasingly strict, liner
shipping companies should bind together innovative technical means with slow steaming
to construct a green vessel schedule by balancing economic benefits, energy efficiency, and
service reliability to their needs.

Further research avenues regarding the following aspects would be worthwhile. Firstly,
it would be more useful to present a life-cycle assessment of vessel emissions because
the emissions exist in the liquefaction process, even including the production upstream.
Secondly, other types of alternative fuel options besides LNG, such as methanol, liquid
hydrogen (LH2), and biodiesel, or ship electrification could be considered in model formu-
lations, as well as corresponding constraints capturing availability and storage. Thirdly,
additional rich case studies should be conducted to focus on more shipping routes across
the ECA.
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Nomenclature

Sets

P set of ports on the service route p = 1,2,..., N

K set of voyagesk =1,2,..., M

S set of speeds 6 € S

A set of the ship positions on the sea, inside or outside ECA A € A

L;} set of segments inside or outside ECA on the leg from port p to next port
le L;,‘ divided by different wave regions

Parameters

s maximum planned sailing speed

fs (ton/h) fuel consumption per unit distance when a ship sails with planned speed

yport fuel consumption in unit time at port

d;,‘ distance inside ECA or outside ECA on the leg from port p to the next port

d; distance on the segment [ € L;,‘

Av, decrease in sailing speed on the segment | € LQ

A° travelling time when a ship sails at speed ¢ € S per unit distance

Iy minimum handling volume at port p

hpk actual handling volume at port p on voyage k

Tp handling rate at port p

Sk uncertain waiting time at port p on voyage k

A unit fuel price for different types of fuel used inside or outside ECA

et unit carbon emission tax inside or outside ECA

o carbon emission factor for different types of fuel used inside or outside ECA

grort The carbon emission factor of MDO/MGO at port

ul unit handling activities cost

u’ The unit operating cost of a ship per day
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Decision variables

v;‘,‘f 1 if the vessel sails at § inside ECA or outside ECA from port p to the next
port on voyage k; 0 otherwise

Tp designed transit time from port p to the next port

T journey time of a single round trip

n quantity of vessels arranged on the shipping route

EAT expected arrival time at port p on voyage k

EDT p expected departure time from port p to the next port on voyage k

Apk actual arriving time at port p on voyage k

Dp‘kl actual departure time at port p on voyage k

t;f]’;lmg sailing time from port p to the next port on voyage k, including sailing time
within and outside ECA

t;;ﬁ port staying time at port p on voyage k, including uncertain waiting time and
operating time

'yf fuel consumption for sailing at speed § on segment [ € L;,‘

Wpk The service level at port p on voyage k

FC fuel consumption cost in a period

EC carbon emission tax in a period

oC operating cost in a period

HC handling activities cost in a period
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