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Abstract

An autonomous vessel train features several autonomous vessels sailing together, piloted
by a conventional, manned leader vessel. It is a promising transitional solution at the present
technological level before full autonomy is realized. We develop mixed-integer programming
models for jointly optimizing the autonomous vessel assignment to vessel trains and vessel train
routes and schedules in a hub-and-spoke network. Solutions to these models capture the optimal
tradeoff between vessel trains' added detour and delay costs and the lower sailing cost of
autonomous ships. Numerical case studies are carried out for a real-world short-sea shipping
network around the Bohai Bay of China. Results reveal sizeable cost savings of vessel train
operations compared to the case where only conventional ships are used. Sensitivity analyses
are performed to unveil how the benefit of vessel trains is affected by key operating factors,
e.g., the fleet composition, the vessel train size limit, and the network topology. The results
inform practitioners of suitable and profitable scenarios for implementing the vessel train
strategy. This study can be viewed as the first step toward real implementation of the
economically competitive and environmentally friendly autonomous freight ships via vessel
trains.
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1. Introduction

1.1 Background

Waterway transportation contributes to over 80% of the international trade in goods
(UNCTAD, 2020). However, conventional ships operated by human crew are facing several
major challenges. First, the shipping industry is facing a severe shortage of seafaring personnel
(especially in Europe), partly due to the shortcomings (e.g., lacking family friendliness and
isolation from social life) of seagoing professions (Brooks and Greenberg, 2022). The shortage
is worsening since the shipping demand is growing and the voyage durations become longer
due to the lower sailing speeds justified by environmental and economic considerations
(Burmeister and Rgdseth, 2016). Second, human errors are a major cause of vessel accidents
(Hu et al., 2020; Xing and Zhu, 2022; Yu et al., 2021). Third, ship waste and emissions have
become increasingly serious issues for waterway transportation (Romano and Yang, 2021), a
significant portion of which is created by crew members’ daily life (Zhang et al., 2021). Finally,
crew members are also a major contributor to the huge cost of waterway transportation
(Kalouptsidi, 2021; UNCTAD, 2021). Hence, the shipping industry is keen on finding
innovative technologies that can overcome the above challenges (Yang et al., 2019).

An increasingly popular innovation that can reduce the need for crew and the associated
problems is autonomous vessels (Munim, 2019). Examples include autonomous dry bulk ships
(Burmeister and Radseth, 2016), container ships (Kremer, 2021; Mitsui O.S.K. Lines, 2022;
Tvete, 2022), ferries (Rolls-Royce, 2018; Mitsui O.S.K. Lines, 2022), and tugs (Schuler, 2021;
the Maritime Executive, 2022). Compared to the conventional manned vessels, autonomous
vessels have the following advantages:

Q) Autonomous vessels can largely resolve the maritime personnel shortage problem.
(i) Thanks to the novel hull designs, increased automation, and less or no crew required,
autonomous vessels have lower bunker, operation, and personnel costs (Liu et al.,

2016). The cost reduction will incentivize the shift from road transport to the more



environmentally friendly waterway transport mode (Wiercx et al., 2019; Rogerson et
al., 2020; Hu et al., 2022a).

(iii) By minimizing human errors, autonomous vessels would be potentially safer than
conventional ones (Ahvenjarvi, 2016; Liu et al., 2016).

(iv) Due to the reduced bunker consumption, autonomous vessels are more environmentally
friendly (Ahvenjarvi, 2016).

Thus, researchers and practitioners have become increasingly interested in autonomous
vessels over the past two decades (Naeem et al., 2008; Khare and Singh, 2012; Redseth, 2017;
Munim, 2019). Ongoing research and development projects include MUNIN (Burmeister and
Rgdseth, 2016), ReVolt (Tvete, 2022), Yara Birkeland (Kremer, 2021), etc. Studies have been
devoted to various aspects of autonomous vessels, including technologies (Escario et al., 2012;
Hoyhtyd et al., 2017; Im et al., 2018), economic viability (Kretschmann et al., 2017; Ghaderi,
2019; Akbar et al., 2021), business models (Munim, 2019), law and regulatory issues (Karlis,
2018; Klein et al., 2020), and human factors (Wahlstrom et al., 2015; Ahvenjarvi, 2016). See
Gu et al. (2020) for a comprehensive review of the literature on autonomous vessels. Most
current autonomous vessels are small in size due to their better maneuverability (Liu et al.,
2016). Those smaller vessels are especially fit for providing feeder services in a hub-and-spoke
network, such as inland waterway, sea-river, and short-sea networks (Munim, 2019).

However, given the current technological limitations, fully autonomous vessels are
feasible only in laboratory tests or small-scale operations (Gu et al., 2020). At present,
autonomous vessels are not allowed to sail alone in a complicated waterway transport
environment like regional hub-and-spoke networks. Thus, transitional solutions were proposed
to expedite the implementation of autonomous vessels with limited autonomy levels. A
promising one is vessel trains (also termed vessel platoons), each consisting of several
autonomous vessels led by a manned ship (Munim, 2019); see Fig. 1 for illustration. This idea
was initiated by the project NOVel Iwt and MARitime transport concepts (NOVIMAR), funded
by European Union (Munim, 2019). The leader vessel of a vessel train is a fully manned,

conventional ship with navigation, communication, and control equipment for piloting the
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entire vessel train. Follower vessels in a train are autonomous ones with less or no crew onboard.
These autonomous vessels must be escorted by the leader vessel throughout their voyages. The
idea is similar to the autonomous truck platoons led by manned trucks (Bhoopalam et al., 2018;

van Brummelen et al., 2018).
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Fig. 1. The vessel train concept of NOVIMAR.

Vessel trains can significantly improve the safety and security of autonomous vessels,
allowing them to be operated under the present technology level. As a result, crew and operating
costs will be reduced, and the level of automation will be promoted in waterway transportation.
Thus, it is an ideal transitional solution before full autonomy of vessel operations is realized.
On the other hand, optimal vessel train scheduling is a new research problem since autonomous
vessels must be piloted by a manned leader vessel. The latter will take detours to escort every
autonomous follower to its destination. Unfortunately, the literature on ship scheduling has by-

and-large remained silent on this issue.

1.2 Literature review

Vessel scheduling problems have been extensively studied in the literature (e.g., Liu et al.,
2022). Reviews of vessel scheduling studies can be found in Ronen (1983), Christiansen et al.
(2004), Meng et al. (2014), Psaraftis (2019), and Chen et al. (2022). Most of those studies
focused on conventional manned vessels.

On autonomous vessel operations, many works studied individual vessels instead of vessel
trains, assuming that those vessels can sail themselves without the help of any manned ship

(e.g., Kretschmann et al., 2017; Zhang and Wang, 2020; Akbar et al., 2021%). Only a few studies

1 Akbar et al. (2021) modeled a hub-and-spoke network similar to the one studied in our paper.
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are found on autonomous vessel train operations, as summarized in Table 1. Nevertheless, some
of those studies still assumed fully autonomous vessels that can sail by themselves (Chen et al.,
2018, 2019, 2020; Liang et al., 2021; van Pampus et al., 2021; Wu et al., 2022)%. Recall that
conventional manned vessels are needed to lead autonomous vessels in the complicated water
transport environment, given the present and forthcoming technological levels. Only two works
considered platoons of partially autonomous vessels requiring conventional leaders (Colling
and Hekkenberg, 2020; Meersman et al., 2020). Regrettably, they both focused on the cost-
benefit analysis of vessel trains rather than the optimal scheduling problem. To our best
knowledge, Chen et al. (2020) is the only study that optimized the schedules of autonomous
vessel trains. However, as mentioned above, this study also assumed fully autonomous vessels
are used. Note that the scheduling problem of vessel trains with partial autonomy is much more
complicated because a vessel train will experience detours to ensure each autonomous vessel is

escorted to its destination by a manned ship.

Table 1. Summary of studies on autonomous vessel train operations.

Study Topic Manned leader vessel Vessel scheduling
Chen et al. (2018) Vessel train formation control No No
Chen et al. (2019) Vessel train formation control No No
Chen et al. (2020) Passing time minimization No Yes
Colling and Hekkenberg (2020) Economic viability Yes No
Meersman et al. (2020) Economic and societal benefits Yes No
Liang et al. (2021) Platoon control laws No No
van Pampus et al. (2021) Vessel train formation control No No
Wu et al. (2022) Vessel train formation control No No

On a side note, Zhen et al. (2018) optimized the assignment of barges to tugs and the
departure time of tugs from a seaport. Although this cited study focused on conventional ships,

the barge-to-tug assignment and scheduling problem is similar to our autonomous vessel train

2 Chenetal. (2018), van Pampus et al. (2021), and Wu et al. (2022) focused on the vessel train formation
control problem considering collision avoidance.



scheduling problem. Unfortunately, they only examined a simple shipping network, i.e., a one-
dimensional river. Thus, their model cannot be applied to general hub-and-spoke networks.

In summary, no study has solved the optimal vessel assignment and scheduling problem
for autonomous vessel trains led by manned ships in a hub-and-spoke network.

The autonomous vessel train scheduling problem is similar to the autonomous vehicle
platoon scheduling problem (Bhoopalam et al., 2018; Zhang et al., 2020; Lesch et al., 2021;
Luo and Larson, 2021). For example, both ideas benefit by reducing fuel and labor costs.
Moreover, both problems entail the joint optimization of platoon formation (i.e., vessel or
vehicle assignment to platoons), scheduling, and routing with detours. However, prevailing
vehicle platoon scheduling models cannot be directly applied to vessel trains, mainly for the
following reasons.

First, autonomous vehicle platoons can be more flexibly operated than autonomous vessel
trains. An autonomous vehicle can conveniently switch between human-driving and driverless
modes (e.g., a driver can sit in the cab and be ready for the switch when the vehicle is self-
driving, or a vehicle can park curbside to pick up or drop off a driver for the switch). This means
an autonomous vehicle can join or detach from a platoon at any time or location, and the leader
vehicle of a platoon (usually operated by a human driver) will not escort all follower vehicles
to their destinations. On the other hand, an autonomous vessel cannot join or leave a vessel
train in the middle of its voyage since the crew cannot board or alight the ship en route (Colling
and Hekkenberg, 2020). Thus, the manned leader vessel must escort every member autonomous
vessel throughout the latter’s voyage. This constraint renders the autonomous vessel train
routing and scheduling problem more complicated than the autonomous vehicle platooning
problem, given that other operating conditions are similar.

Second, the operating environments and constraints of autonomous vehicle platoons do
not apply to our vessel train scheduling problem. For example, autonomous vehicle platooning
problems often consider a many-to-many network (Luo and Larson, 2021; Hu et al., 2022b),
while a hub-and-spoke network is usually assumed for regional waterway transportation

(Huang et al., 2022). In addition, vehicle (e.g., truck) travel times are tightly constrained by the
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drivers’ regulations on the continuous driving hours (Goel, 2010, 2014; Goel et al., 2012; Hu
et al., 2022c). However, in most cases, vessels do not have this problem since the crew live on
the ship and work in shifts. In short, a new mathematical program needs to be formulated for

the autonomous vessel train routing and scheduling problem.

1.3 Overview of the paper

In light of the above research gap, we show the cost advantages of vessel trains by
formulating novel models for jointly optimizing the formation and scheduling of vessel trains
and the sequence of ports visited by each vessel train in a hub-and-spoke network. Our objective
is to minimize the vessels’ total sailing cost and delay penalty. We assume that autonomous
ships cannot sail alone and must be piloted by conventional ships throughout their journeys.
The models are suitable for planning the operations of vessels with limited autonomy during
the transitional period toward full autonomy.

We model two operating scenarios: a freight distribution scenario where all the vessels
travel from a hub port to a set of feeder ports and a backhaul scenario where all the vessels
return from the feeder ports to the hub port. The models are linearized and solved via CPLEX.

A numerical case of the Bohai Bay port network of China is studied. Results unveil that
optimally scheduled vessel trains have a great potential to reduce the overall operating cost
compared to the benchmark scenario where only conventional ships are used®. For example, if
an autonomous vessel costs 70% of a conventional one, vessel trains can save up to 18% of the
cost. Extensive sensitivity analyses are conducted for key operating factors, including the
autonomous ships’ sailing cost rates, delay penalty rates, the numbers of leader and autonomous
vessels, the tightness of sailing time windows, the size limit of vessel trains, and the waterway

network topology. These unveil useful insights into the operating conditions under which the

3 Under our problem setting, vessel trains would surely have no cost advantage if the vessels were fully
autonomous, since detours can be eliminated, and vessel schedules can be more flexible if each vessel
sails alone. Vessel trains are advantageous only in the transitional period when each autonomous vessel
must be piloted by a conventional ship. Thus, the cost saving is derived by comparing to the scenario
where all the vessels are conventional, not to the future scenario of full autonomy. We want to make sure
this point is clear to the readers.



autonomous vessel trains are more competitive. The insights have implications for the future
development and commercialization of autonomous vessel trains.

In summary, our paper makes the following main contributions to the literature:

0] To our best knowledge, this is the first study that optimizes the vessel train
formation, schedules, and routes considering that manned leader ships are needed
to pilot vessels with limited autonomy. The results present the maximum potential
economic benefits vessel trains can attain under given technological and cost
levels. This complements the literature on economic viability of vessel trains
(Colling and Hekkenberg, 2020; Meersman et al., 2020) that analyzed specific
case studies only.

(i) Our extensive numerical studies unveil several insights regarding how the cost
benefit of vessel trains is affected by a variety of key operating parameters,
including the technological parameter (vessel train size limit), cost parameters,
and operating parameters (schedule time windows, fleet composition, and network
topology). These findings will assist practitioners in determining the favorable
conditions for vessel train implementation.

In addition, our model can be integrated with vessel train formation control models (Chen
et al., 2018, 2019, 2020; van Pampus et al., 2021) to provide more detailed guidance for real-
world vessel train operations.

The rest of this paper is organized as follows. Section 2 describes the problem definition,
model formulations, and linearization. Numerical results of the Bohai Bay case study are

presented in Section 3. Conclusions and future research directions are discussed in Section 4.

2. Problem description and formulation

Notations used in this paper are summarized in Section 2.1. Section 2.2 presents the
problem setup and key assumptions. The freight distribution problem is formulated as a mixed-
integer nonlinear program (MINLP) in Section 2.3, and the program is linearized in Section 2.4.

Section 2.5 formulates the backhaul problem.



2.1 Notations

Sets:

p

L

F
Indices:
Lj

l

[k

set of all the ports, P = {0, 1, ..., |P|};
set of all the conventional leader vessels, L = {1,2,---, |L|};

set of all the autonomous follower vessels, F = {|L| + 1,---,|L| + |F|}.

indices of ports, i,j € P, i = 0 indicates the hub port;
index of a leader vessel or a vessel train led by vessel [, [ € L;

indices of autonomous follower vessels, f,k € F.

Parameters for the vessel:

tij

d;, dy

T, Ty

T), T}

Cy, Cf

Pu Df

Uu;

M

the direct travel time from port i toport j, t;; = ¢t;;, t;; =0, i,j € P;

the destination port of leader vessel [ € L or follower vessel f € F;

the earliest departure time of leader vessel [ € L or follower vessel f € F from
the origin port (e.g., the hub port in the freight distribution problem);

the expected arrival time of leader vessel | € L or follower vessel f € F at its
destination port;

sailing cost rate of leader vessel [ € L or follower vessel f € F per unit travel
time;

penalty cost rate for leader vessel [ € L or follower vessel f € F per unit delay
at its destination port;

the maximum number of follower vessels that can be led by [ € L;

a sufficiently large number.

Decision variables:

bur

Bis

a binary variable that equals one if [ € L is the leader of f € F, and zero
otherwise;
a binary variable that equals one if autonomous vessel f € F is successive to

autonomous vessel k € F invessel train [ € L (i.e., f will be dropped off right
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after k by the same vessel train in the freight distribution problem), and zero

otherwise;
T the actual departure time of leader vessel [ € L from the origin port;
5 the actual departure time of follower vessel f € F from the origin port;
Ay Ag the actual travel time of leader vessel [ € L or follower vessel f € F.

Auxiliary variables:

01, ¢ delay of leader vessel [ € L or follower vessel f € F.

2.2 Problem setup

Consider a regional waterway transportation network represented by a set of ports P =
{0,1, ..., |P|}, including a hub port numbered 0 and feeder ports i € P\{0}. We first investigate
a freight distribution problem where the cargoes are loaded to the vessels (conventional or
autonomous) at the hub port and transported to the feeder ports. A backhaul problem, i.e., the
freight collection problem where vessels (carrying cargoes or not) travel from the feeder ports
to the hub port, will be discussed in Section 2.5. Denote L ={1,2,...,|L|} the set of
conventional manned ships that can serve as leader vessels of vessel trains, and F =
{IL| +1,...,|L] + |F|} the set of autonomous vessels. Each vessel train consists of one leader
vessel, denoted by [ € L, and n; autonomous follower vessels. We specify that 0 < n; < u;
where u; denotes the maximum number of follower vessels led by [. The leader vessel sails
solo if n; = 0. With a slight abuse of notation, we also use [ to indicate the vessel train led by
L.

The destination port of leader vessel [ € L is denoted by d; and that of autonomous
follower vessel f € F is denoted by df, d;, dr € P\{0}. Vessel train [ may call several ports
to drop off the follower ships before arriving at the leader’s destination d;; see Fig. 2 for the
illustration of a typical vessel train’s voyage. Denote T; and Ty the earliest departure times of
LeL and f € F from the hub port, and T, and Ty their expected arrival times at the

destination ports, respectively. A penalty will be imposed on a ship that arrives later than the
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expected arrival time. This penalty will be calculated by the delay multiplied by a predefined
penalty cost rate, denoted by p, for [ € L and p; for f € F. We assume that the sailing time
from port i € P to port j € P, denoted by ¢; ;, is identical for all the vessels and vessel trains.

Further assume that the sailing cost, including the fuel, operating, crew, and vessel renting costs,

is proportional to the travel time. Denote ¢; and ¢ the sailing cost per unit of travel time for

leL and f € F, respectively.

Two autonomous vessels arrive
at their destination port and are

Manned leader detached from the vessel train

A typical -
A : vessel =
o vessel train y;
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the leader vessel)

Fig. 2. Voyage of a typical vessel train for freight distribution in a hub-and-spoke network.
The objective is to minimize the sum of the sailing cost and the penalty for all the vessels.
The optimal decision is concerned with: (i) how the autonomous vessels are assigned to the
leader vessels to form vessel trains; and (ii) when each vessel train departs from the hub port

and in what order it calls each member ship’s destination port.

2.3 Mathematical formulation of the freight distribution problem

[MQ]

min Yielcd + ot + 4 = T+ Xper [Cf/lf +pp(Tr + A — Tf’)+] 1)
subject to

Yieebrr =1 VfEF (2)
Yrer®rr <u, VIEL 3)
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7 2Ty, Vf€EF

21 —-M(1—¢,z), VIELVfEF

7, 2T, VIEL

T, = ¢ T, VIEL VfEF

Af = toa, VfEF

Ap 2 g+ taga, — M(1—Bi), VIEL, Vf,k€F,f+k
Yker Xrer,fei B = Drer by — 1, VIEL
YrerfekBry <1, VIELVk €F

M =tgq, VIEL

M= A +tapa, — M(1—¢,f), VIEL, VfEF
77 20, VfEF

7,220 VIEL

A =0, VfEF

A4 =0 VIEL

¢ s €101}, VIEL, VfFEF

Brr€{01}, VIEL, Vf k€F,f #k.

The two terms of objective (1) are the total costs for manned leaders and autonomous
followers, respectively, where decision variables 7; and 7, denote the actual departure times
of leader vessel [ € L and autonomous vessel f € F from the hub port, respectively; 4; and
Ay denote the sailing times of vessel [ and f from the hub port to their destination ports,
respectively; and function (-)* returns the maximum of 0 and the argument.

Constraint (2) guarantees that each autonomous vessel is led by one leader vessel, where
binary decision variable ¢, indicates whether autonomous vessel f is assigned to vessel
train L. Constraint (3) specifies the capacity of each vessel train. Constraints (4) and (5) indicate
that an autonomous vessel’s departure time from the hub port is not earlier than its earliest

departure time and the departure time of its leader, where M is a sufficiently large number.
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Constraints (6) and (7) indicate that a vessel train’s departure time from the hub port is not
earlier than each member vessel’s earliest departure time. Constraint (8) guarantees that the
sailing time of the first autonomous ship dropped off by vessel train [ is not less than the direct
sailing time from the hub port to its destination port. Constraint (9) ensures that any successive
autonomous ship f’s sailing time is not less than the sailing time of its preceding ship in the
same vessel train plus the direct sailing time between the two ships’ destination ports. The
binary decision variable ﬁ}(,f denotes the drop-off sequence of autonomous vessels by each
vessel train. It is equal to one if vessel f is successive to vessel k in vessel train [ (i.e., f is
dropped off right after k) and zero otherwise. Constraint (10) indicates that the sum of B,i,f for
a specific vessel train [ is not less than the number of follower ships assigned to that vessel
train minus 1. Constraint (11) ensures that each autonomous ship k has at most one successive
ship in a vessel train. Constraints (12) and (13) specify that leader [’s sailing time must be not
less than: (i) the direct sailing time from the hub port to its destination; and (ii) the sailing time
of any follower f led by [ plus the direct sailing time between the two ships’ destination ports.

Constraints (14)—(19) define the bounds of continuous decision variables 7;, ¢, 4;, 4 and
binary variables ¢, ; and f .

By scrutinizing (4)—(7), (9), and (13), we find that the following value of M is sufficiently
large to use:
M= max{r?eaLle,?gng ,(F+ 1) - {1}2%( ti'j}. (20)

Any value greater than (20) can also be used. However, using a larger M would increase

the solution time.

2.4 Linearization of [MOQ]
The nonlinear operator (-)* in objective (1) can be simply linearized by introducing
auxiliary variables 6, and 6, denoting the tardiness of ship [ € L and f € F, respectively.

The linearized program is presented as follows:
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[M1]
min Yieplad + 2161l + Xrerlceds + pr6y] (21)
subject to

Constraints (2)—(19)

9[ = T + /1[ - Tl" VlieL (22)
6;,=0, VlieL (24)
HfZO, Vf €EF. (25)

2.5 The backhaul problem

For long-term vessel train operations, the leader and follower ships distributed to the
feeder ports must return to the hub port (with or without cargo) to serve future distribution trips.
The autonomous ships still need to form vessel trains led by manned ships when they return.
This backhaul problem is the reverse of the above freight distribution problem.

Similarly, we assume that each backhaul ship is associated with the earliest departure time
from its origin feeder port and the expected arrival time at the hub port. The other parameters
and variables are nearly identical to those defined for the freight distribution problem. Thus,
we use the same notations listed in Section 2.1 for the backhaul problem. Only trivial changes

need to be noted. For example, d; and d now represent the origin ports of the ships, and ﬂ,’(,f

now indicates whether autonomous ship f is picked up by leader [ preceding ship k or not.
If a backhaul ship carries no load, its expected arrival time can be set to a large value, and its
cost and penalty rates can be set to a low value or zero.

Formulation [M1] can be applied to the backhaul problem with only two changes. First,
constraint (5) should be replaced with 7, + 4 > 7, + 4, — M(1 — ¢, s), VI € L,Vf € F. This
indicates that an autonomous ship assigned to vessel train [ cannot arrive at the hub port earlier

than its leader. Second, constraint (7) should be replaced with 7, +4; =T + A —
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M(l - qb,,f), vl € L,Vf € F, which ensures that a leader cannot pick up an autonomous ship
before the latter’s earliest departure time. Thus, the backhaul problem is formulated as:

[M2]

min Yierlad + P60 + Zrer[crds + prby] (26)
subject to

Constraints (2)—(4), (6), (8)—(19), (22)—(25)

T+ A=+, —M(1—¢ ), VIELVfEF (27)

T+ =T+ —M(1— @), VIELVSfEF. (28)

3. Numerical case study

We conduct extensive numerical experiments on the freight distribution problem for a case
study of the Bohai Bay of China. The backhaul problem is omitted for brevity since the two
problems have similar formulations. All the numerical instances are solved by the CPLEX
solver (version 12.8) on a personal computer equipped with an Intel Core eight-core processor
clocked at 4.7 gigahertz and 32GB RAM clocked at 3200 megahertz.

The background and parameter values of the case study are introduced in Section 3.1.
Section 3.2 examines the computational performance of [M1]. Sections 3.3-3.7 present the
sensitivity analyses of the cost saving for: (i) the cost ratio between an autonomous ship and a
conventional one; (ii) the penalty cost rate; (iii) the tightness of sailing time windows; (iv) the

vessel train size limit u;; and (v) the hub-and-spoke network topology.

3.1 Description of the case study and parameter values

We consider the waterway network between nine seaports around the Bohai Bay, as shown
in Fig. 3. The Port of Tianjin is the largest port in Northern China. It is thus designated as the
hub port. The rest are assumed to be feeder ports. The travel distances between any two of the
nine ports are given in Table 2. The vessels’ sailing speed is set to 15 knots (Colling and
Hekkenberg, 2020). The travel times, t; ; (i,j € P), are calculated by dividing the sailing

distance by the sailing speed.
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Fig. 3. Positions of the nine seaports in the Bohai Bay (generated using Google Earth).

Table 2. Sailing distances (n mile) between the ports of the Bohai Bay.

PortID O 1 2 3 4 5 6 7 8
Tianjin Dandong  Dalian Lvshun Yingkou  Qinhuangdao  Yantai Qingdao  Lianyungang

0 0 335 220 164 266 134 203 443 511
1 335 0 135 201 338 283 195 332 400
2 220 135 0 86 223 168 90 278 346
3 164 201 86 0 162 107 101 309 377
4 266 338 223 162 0 173 227 446 514
5 134 283 168 107 173 0 172 391 459
6 203 195 90 101 227 172 0 247 315
7 443 332 278 309 446 391 247 0 102
8 511 400 346 377 514 459 315 102 0

Source: Marine Distance Tables for China Coast (NGDCNH, 2009).

For simplicity, we assume that all the conventional ships are identical and have the same

sailing cost rate, ¢; = ¢, = $500/h, VI € L (Colling and Hekkenberg, 2020). A similar

assumption is made for all the autonomous ships. Since the practical cost data for autonomous

ships are currently unavailable, we assume that an autonomous ship’s sailing cost rate, ¢ =

cr, Vf € F, is expressed as a fixed proportion, a € (0,1], of c,; i.e., ¢z = ac;. The use of

a is convenient for sensitivity analyses. More advanced autonomous ships would have lower

16



a values.* We further assume that the penalty cost rates, p; and py, are equal and expressed
asaratio p times the sailing cost rate of a conventional ship; i.e., p; = pf = pc; (VI EL,f €
F). Unless otherwise specified, we set « = 0.7 (Colling and Hekkenberg, 2020) and p = 0.4
(Zhang and Wang, 2020) in the following sections.

Each ship’s destination feeder port, d; (I € L) or d; (f € F), is selected randomly from
the eight feeder ports. Their earliest departure times are randomly generated from a uniform
distribution over [0,24] h, i.e., T;,T,~U[0,24],VI € L,f € F. We further specify that a
vessel’s sailing time window is expressed by the minimum sailing time duration (i.e., to 4, Or
to_df) times a slack coefficient denoted by &, for [ € L and & for f € F. In other words,

we set T/ = T; + §;tg 4, and Tf’ =T + Sfto,df, where §;, 6, = 1. A smaller slack coefficient

means the time window is tighter. If §; = 1, then the only way for vessel [ to avoid a penalty
is to depart the hub port immediately at T; and take a direct sailing route to its destination. In
this case, vessel trains (especially long ones) may be costly due to the high delay penalty.
Coefficients &, and & are also randomly generated from a uniform distribution:

8,,8:,~U[6 — A, 6 + A], where § denotes the mean slack coefficient, and A indicates how

varied the coefficients are. We set § = 1.3 and A = 0.3 unless otherwise specified.

We also assume all the vessel trains have the same size limit, i.e., u; = u, VI € L. For
now, we specify u = |F|, meaning that no limitation on the vessel train size is imposed (note
that |F| is the total number of autonomous vessels). This renders the most optimistic case.

Other values of u; will be examined in Section 3.6.

3.2 Computational performance
We first examine the computational performance for instances where |L| €
{4,6,8,10,12} and |F| € {8,16,24,32,40,48,56,64}. For each (|L|,|F]|), ten numerical

instances are solved with randomly generated d;, df, Ty, Tf, &;, and 6 (L€EL, f €F)

4 When determining the value of a in reality, the purchase costs of autonomous and conventional ships
can be amortized over their lifecycles and added to the sailing cost rates.
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from distributions specified in Section 3.1. Denote TC';'{J'F' the average CPU time for solving

the ten instances with |L| leader vessels and |F| followers.

Fig. 4 plots T:HF! against |F| for different values of |L|. The curves show that Ts:!*"!
increases rapidly with |F| and |L|, except that T.poM5¢l > TE2MS6l " The exception is
probably due to the randomness in parameter values. When |F| < 32, an instance takes less
than 40 seconds to solve on average. However, for a large instance with |F| = 64 and |L| =
12, the average CPU time is around 20 minutes. Thus, one may need to resort to heuristic
methods for even larger-scale instances (which are not common in reality).

The computational efficiency is also significantly affected by the tightness of sailing time
windows. This can be seen in Fig. 5, which plots the average CPU time (in milliseconds) of ten
randomly generated instances against & € {1,1.5,2,2.5,3,3.5,4}. The case of § =1
indicates that no slack is available for any vessel. The value of A issetto0if § =1 and 0.5
otherwise. We set |L| = 8 and |F| = 24. All the instances have the same vessel OD pairs and

earliest departure times.

Solution
time (s)

1200
ILI =
1000
800
600

400

200

8 16 24 32 40 48 56 64 |F|

Fig. 4. Average solution time of [M1] against |F| and |L|.

Fig. 5 shows that the CPU time plunges as § grows from 1 to 1.5. This indicates that

instances with loose sailing time windows can be solved much faster. When § continues to

grow, the curve decreases slowly and gradually becomes flat.
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Fig. 5. Average solution time of [M1] against 6.

3.3 Sensitivity of the cost saving of vessel trains to the cost rate of autonomous vessels

We first examine the sensitivity of the strategy’s cost saving to the ratio between the sailing
cost rates of autonomous and conventional ships, i.e., a@. The cost saving is calculated by
comparing the overall cost of vessel trains against a benchmark scenario where all the vessels
are conventional ones with the same cost and penalty rates. The parameter values are the same
between the vessel-train and benchmark scenarios. In the latter scenario, each ship will travel
individually and directly to its destination.

Specifically, we denote r!XMIFl the percentage cost saving of the vessel train strategy with
|L| conventional leaders and |F| autonomous followers over the benchmark scenario with

|L] + |F| conventional, manned vessels; i.e.,
TlLl’lFl — (TC(|)L|+|F| _ TClLl'lFl)/TCLLHlFl, (29)
where TCIEHEL and TCIE*VF1 denote the minimum total costs of the vessel train strategy and

the benchmark scenario, respectively. We further denote &/MFI the share of penalty, PCILHFI

in the overall cost for the vessel train case; i.e.,

gILLIFI = pCILLIF fTCILLIFI, (30)
We specify that |L| =8 and |F| € {4,8,16,32}. For each |F|, ten instances with

distinct vessel ODs and time windows are generated randomly. For each instance, we let «
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vary from 0.5 to 1.0 at an interval of 0.1. Averages of r!tMFI and &ILLIFI across the ten test
instances are plotted against « in Fig. 6a and b, respectively.

As expected, the curves in Fig. 6a decrease with a. More importantly, Fig. 6a shows that
the cost saving increases with the number of autonomous ships (except for the case where a =
1), although a larger |F| also means longer vessel trains and thus more detours and delays.
For example, when there are 8 leader vessels and 32 autonomous ones, the optimal vessel train
assignment plan and schedule can save up to 34% of the cost for a = 0.5. Moderate cost
savings (3-10%) can be attained even when a = 0.8. This speaks to the great potential of
autonomous vessel train operations.

FILLIF]

[LLIF|
40% ¢

-32 32

16
IL|=8, |F|= 6% 16
AN 8 [LI=8, |F|=

30% —4 e 8
5% ~ —4
“\‘“‘

20% \ 4% ‘“\
\ 3%
10%

\ 2%
‘—‘——o—__,___.____.___.
0% 1%
05 06 07 08 09> a
) " 0%
-10% 05 06 07 08 09 1 «
(a) Percentage cost saving (b) Ratio of penalty to the total cost

Fig. 6. Percentage cost saving and share of penalty cost against a for vessel train operations.

The curves in Fig. 6a are approximately linear because over 90% of the total cost is the
sailing cost, which is roughly a linear function of «; see in Fig. 6b that the share of penalty cost
is less than 6%. The penalty cost takes a larger share when « is smaller and when there are
more autonomous ships (so that the vessel trains are longer and more detours are incurred).

This is also as expected.

3.4 Sensitivity to the ratio of penalty cost rate
In this section, we fix the sailing cost rates and let the ratio between the penalty rate and

the conventional vessels’ sailing cost rate, p, vary. We set |L| =8 and |F|€
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{4,8,12,16,20}. Ten randomly generated instances are examined for each |F| and the
average r!MFl and &ILLIFI gre calculated. We let p increase from 0.125 to 8 at a rate of 2.
In  other words, the penalty rates, p, and pr , take values in
${62.5,125,250,500,1000,2000,4000}/h. A larger p indicates that vessels will try harder
to complete their trips by the expected arrival times.

The results of rILUIFl and &ILLIFL gre plotted in Fig. 7a and b, respectively. Fig. 7a shows
that the cost saving decreases as the penalty rate increases since no penalty is incurred in the
benchmark scenario. The cost advantage of vessel train operations is observed for p < 2,
meaning that vessel trains (with detours) are unsuitable for the shipment of highly time-
sensitive goods. In addition, the sensitivity of cost saving to p is higher for larger values of
|F|. This means that longer vessel trains transporting time-insensitive goods can achieve greater
cost savings. This finding is confirmed by Fig. 7b, where the share of penalty cost is higher for
|F| = 12.

Fig. 7c plots the sailing cost against p. The figure shows that the sailing cost only increases
slightly as p grows. This occurs because there is little room to adjust the optimal vessel

assignment and routing when p is high.
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Fig. 7. Percentage cost saving, share of penalty cost, and sailing cost against p.
3.5 Sensitivity to the tightness of sailing time windows

In addition to the cost parameters, one may also be interested in knowing how the cost
saving of vessel trains is affected by the tightness of sailing time windows (which also reflects
the time sensitivity of the cargo to some degree). Thus, we plot r!EMFI and &ILLIFI against
5 €{1.0,1.5,2.0,2.5,3.0,3.5,4.0} in Fig. 8a and b, respectively. We still set |L| =8 and
|F| € {4,8,12,16,20}. The A issetto0when § = 1.0 and 0.5 otherwise. Each point in Fig.
8a and b still represents the average value of ten randomly generated instances.

Fig. 8a shows that the cost saving grows with &, which is as expected. The growth rate
declines significantly when & > 2, revealing that the benefit of vessel trains is approaching its
maximum. This is confirmed by Fig. 8b, which manifests that the penalty cost drops drastically
below 2% of the total when & > 2. Comparison across different values of |F| in Fig. 8a
unveils that the cost saving is slightly more sensitive to § for a larger |F|. This is because
longer vessel trains tend to have higher penalty costs. We also find that the sailing cost is

insensitive to &. But the results are omitted in the interest of brevity.
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Fig. 8. Percentage cost saving and share of penalty cost against 8.

3.6 Sensitivity to the vessel train size limit

This section investigates the sensitivity of cost savings to the size limit u; = u (VI € L).
The rILWFl and &ILLIFI averaged across ten randomly generated instances, are plotted against
u € {4,8,12,16,20} in Fig. 9a-b, respectively. For simplicity, we set |F| =20 and |L| €
{4,8,12,16,20}. But the case of u=4, |L| =4, and |F| =20 is infeasible and thus
removed.

Fig. 9a shows for each value of |L| that, as expected, the cost saving first grows with the
size limit and then converges when u is sufficiently large (e.g., when u = 4 for |L| = 20,
and u>8 for |L| =12 and 16). This means that vessel train operations can attain the
maximum benefit with a limited threshold of vessel train size. Comparison across the different
values of |L| in Fig. 9a reveals that when the number of autonomous ships is fixed, r!LHIFl
first increases and then decreases as |L| grows (e.g., for u > 8, r®20 > 1220 5 1620 >
r20:20 > 4-%20) "It first increases because more leader vessels can reduce the vessel train sizes
and thus the detours and delays. However, when |L| is sufficiently large (= 8), further
increasing |L| will undermine the percentage cost saving since leader vessels are more
expensive than autonomous ones. This finding implies that the benefit of vessel trains may peak

at a certain ratio between the numbers of leader and follower vessels.
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Fig. 9. Percentage cost saving and share of penalty cost against u.

Fig. 9b reveals that the share of penalty cost is insensitive to u, except for a moderately
larger share when |L| and u are both small. In addition, the penalty share diminishes as |L|
increases, manifesting that more leader vessels can reduce the vessel delays due to the smaller
train sizes. Lastly, the sailing cost is again insensitive to u, and the results are omitted for

brevity.

3.7 Sensitivity to the network topology

Our last batch of sensitivity analyses pertains to the effect of network topology on cost
saving. The network topology will affect the routing of vessel trains and the detour distances.
An extreme case is where all the ports are located along a one-dimensional waterway, and the
hub port resides at the waterway’s end. This type of waterway network, despite its very simple
topology, is common in the real world, e.g., a river where the hub port is a seaport located at its
estuary (Zhen et al., 2018). The case is extreme because any vessel train dispatched from the
hub port will take no detour during its journey. Thus, this topology represents an optimistic
case for vessel train operations where the cost saving is maximized. This section compares the
cost savings on this extreme waterway network against those on the Bohai Bay network.

Specifically, we consider a one-dimensional hypothetic network illustrated in Fig. 10. The

network contains a hub port located at the left end of the river and eight feeder ports. For
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comparison, the distances between the feeder ports and the hub are set to the same values as in
the Bohai Bay case. The other parameters, including the OD pairs and the associated time

windows, are set to the same values between the two networks.
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0 134 164 203220 266 335 443 51 Distance
(n mile)

Fig. 10. Distances from the hub to the feeder ports in the one-dimensional hypothetic network.

Weset |L|,|F| € {4,8,12,16,20} and calculate the r!LMFI and &ILLIFI averaged across
ten randomly generated instances, for either network and each pair of (|L|,|F]|). The results
are plotted against |F| in Fig. 11a—c. The solid and dashed curves in these figures represent
the Bohai Bay case and the one-dimensional network case, respectively.

Fig. 11a-b show that for both networks, the cost saving increases with |F|, which is as
expected. Deploying eight leader vessels brings the highest cost savings in both networks.
However, the performance of the case with four leader vessels differs largely between the two
networks. For the Bohai Bay network, |L| = 4 renders the lowest cost savings due to the high
costs of detours and delay penalty. On the other hand, for the one-dimensional network, |L| =
4 produces the second-highest cost savings among all values of L tested. The minimum cost

savings occur in the latter network with |L| = 20 because conventional ships are more costly.
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Fig. 11. Percentage cost saving and share of penalty cost for the two networks.

Comparing Fig. 11a and b reveals that vessel trains operating in the one-dimensional
network produce greater cost savings than in the Bohai Bay case. This is due to the elimination
of detours and the significant delay reductions. As |L| increases from 4 to 20, the gap between
the two networks diminishes from 6-12% to 1-2%. This is because in a regular hub-and-spoke
network (e.g., the Bohai Bay case), fewer leaders render longer vessel trains and thus more
detours and delays. Contrarily, vessel trains will take more direct routes with lower delays when
more leaders are available.

Fig. 11c confirms that the delay penalty is much smaller in the one-dimensional network.

4. Conclusions

This paper formulated the optimal scheduling of autonomous vessel trains for freight
distribution and backhaul problems in hub-and-spoke networks. An autonomous vessel train is
formed by a conventional (manned) leader vessel and several autonomous follower vessels.
The leader vessel will escort all the autonomous followers throughout their journeys. This
strategy allows for safely operating autonomous vessels with limited autonomy level, thus
expediting the replacement of conventional vessels with this more economical and

environmentally friendly type of vessels.
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Novel models were developed to minimize vessel trains’ sailing cost and lateness penalty
by optimally assigning the autonomous vessels to leaders and determining the optimal departure
time and the port calling sequence of each vessel train. The models were solved by CPLEX.

Computational tests show that, albeit the CPU runtimes soar as the problem size grows, a
typical problem of a practical scale (e.g., with 9 ports, 10 leader vessels, and 50 autonomous
vessels) can be solved in several minutes. Thus, practitioners can readily use our models to
generate optimal autonomous vessel train assignments and schedules for daily feeder service
operations in inland waterway, sea-river, and short-sea networks.

Extensive numerical experiments were conducted to examine the cost savings of vessel
train operations in or near the Bohai Bay of China compared to a benchmark scenario with
conventional ships only. Sensitivity analyses were performed to unveil the cause-and-effect
relations between the cost savings and key operating factors, including the autonomous vessels’
cost rate, fleet composition of leader and follower vessels, penalty cost rate, tightness of sailing
time windows, vessel train size limit, and shipping network topology.

Findings from the numerical results can inform practitioners on implementing the
autonomous vessel train strategy. First, the results manifest the great economical potential of
autonomous vessels even though they must be piloted by manned ships. For example, when a
conventional leader pilots 1-4 autonomous vessels on average, the strategy can save up to 18%
of the cost if operating an autonomous vessel is 30% cheaper than a conventional one and 34%
if that is 50% cheaper (see Fig. 6a). Even greater savings can be achieved when vessel trains
are operated in a one-dimensional waterway network, e.g., the Yangtze River of China; see
Section 3.7. This is because the detours incurred by vessel train operations would be minimal.
In addition, the strategy is more suitable for time-insensitive cargo, which has either a loose
sailing time window or a lower penalty rate (Fig. 7a and 8a), thanks to the lower detour and
delay costs incurred.

On the other hand, increasing the maximum size of vessel trains would only improve the
cost saving moderately (Fig. 9a). In fact, too few leader vessels would render longer vessel

trains, more detours, and greater delays, which increase the cost. Our numerical results suggest
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that a sufficient number of leader vessels (eight in the Bohai Bay case study) should be used to
attain the best performance of vessel trains (see Fig. 9a and 11a).

In summary, our study is the first to jointly optimize the assignment of autonomous ships
to vessel trains, the sequences of ports of call, and the schedules of vessel trains. The results
show sizable economic benefits of this novel operating strategy and how key operating factors
affect the performance of vessel trains. We believe our study will shed light on more advanced
research on autonomous ship scheduling problems accounting for further technological and
operational details. These research works will motivate real-world implementations of
autonomous ships during the transitional period toward full autonomy.

As the first study to optimize vessel train operations under limited autonomy, our work
adopts idealizations to simplify the models. For example, we assumed a fixed sailing speed for
all the vessels and a fixed sailing cost rate independent of the speed. In reality, a vessel’s bunker
cost is a function of its sailing speed (Wang and Meng, 2012), and a vessel train should be able
to adjust its speed to meet the target delivery times. For fixed-demand liner shipping networks,
shipping companies might be interested in optimizing the fleet of conventional manned ships
and autonomous vessels, especially the ratio between the two types of vessels. A more
sophisticated scheduling model may also consider the transshipment of autonomous ships
between different vessel trains and the deadheading problem of vessel trains. These issues will

be addressed in future research.
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