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Abstract

Truck platooning has been identified as a promising technology to save labor force for the local
container drayage problem (LCDP). However, existing studies for the platoon-based LCDP
assumed that each driver was attached to respective leading truck throughout the service
process, and the driverless following trucks dropped off at customer sites cannot further serve
the drayage requests until regaining guidance, resulting in low efficiency and utilization of
drivers and trucks. To overcome this issue, this paper examines the LCDP under a novel
improved platooning operation mode (IPOM), where the drivers are not necessarily attached
to their respective leading trucks but can move by alternative transport modes to perform
subsequent tasks. The objective is to determine the optimal numbers, routes, and schedules of
the drivers and trucks that minimize the total operational cost to complete all the delivery and
pickup requests of customers. A mixed-integer linear programming (MILP) model is developed
to capture the features pertaining to the new platooning mode. A heuristic construction method
incorporating simulated annealing is proposed to solve the problem. Numerical experiments
are carried out to evaluate the proposed model and solution method and quantify the advantages
of the improved platooning mode. Sensitivity analysis is also conducted to explore the impacts

of some major influential factors on the system performance and derive managerial insights.
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1. Introduction

Global trade largely relies on container transportation, in which the intermodal
containers move among seaports, terminals, and local customers by vessels, rails, and trucks
(DHL, 2021). In the entire transportation chain, the short-haulage container transportation by
trucks between a terminal and the local customers in which carriers provide delivery and pickup
services for consignees and shippers, respectively, is referred to as the local container drayage
problem (LCDP). Although the travel distance is very short in comparison to that of the ocean-
going and land-based long-distance haulage, the drayage operational cost typically accounts
for a large portion, i.e., up to 80%, of the total cost of the entire container transportation chain
(Macharis and Bontekoning, 2004). Therefore, the cost-efficiency of local container drayage
services is of particular importance to the profitability of intermodal container transportation.
In traditional container drayage operation mode, each consignee/shipper requires one driver to
depart from the terminal with a loaded/an empty truck and wait at the customer site for the
unpacking/packing work; after the unpacking/packing work is completed, the driver should
haul the emptied/loaded truck back to the terminal. In recent decades, the drayage operation
mode has been improved in many ways with the aim to reduce the total operational cost, such
as the sharing of empty trucks in which an emptied truck released from a consignee can be
reused by a shipper without returning to the terminal (Imai et al., 2007). With the development
of connected and autonomous vehicle (CAV) technology, the emerging truck platooning in
which a set of autonomous trucks travel together with small headways and only the leading
truck requires driver’s intervention helps to reduce the labor force in LCDP. Moreover, it has
been found by many field experiments that truck platooning can also contribute to fuel
consumption reduction via lowered aerodynamic drag, especially for the following trucks in a
platoon, which achieve significant fuel savings of about 10~20% (Davila et al., 2013; Lammert
et al., 2014; Lu and Shladover, 2014). How to reap the maximum cost efficiency by leveraging
the emerging technologies is one of the major problems facing container drayage service

providers.
1.1 Literature review

Over the past decades, many studies have been conducted for the LCDP considering
various practical constraints and features, such as resource constraints, flexible orders, and
uncertainties with respect to travel speeds, etc. (Chen et al., 2022). For example, Zhang et al.

(2011) examined the LCDP considering the limited numbers of trucks and empty containers
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available at depot. They formulated a mixed-integer programming (MIP) model on a directed
graph and proposed a reactive tabu search-based algorithm to solve the problem. Escudero et
al. (2013) investigated the daily drayage problem considering travel time uncertainty caused
by unexpected events. They formulated a real-time optimization model and proposed a genetic
algorithm for the dynamic planning and management of the fleet. Zhang et al. (2014)
formulated a mixed-integer nonlinear programming model for dynamic container drayage
services with flexible orders of containers and developed four different solution methods to
solve the problem. Benantar et al. (2020) tackled a real-life container drayage problem
considering the availability of containers. Chen et al. (2021) proposed a new variant of LCDP
considering heterogeneous trucks with multiple loads, where a hybrid heuristic method based
on the cheapest feasible insertion mechanism and variable neighborhood search scheme were
proposed to solve large-scale instances. The LCDP with multi-resource constraints was
investigated by Zhang et al. (2020), aiming to minimize the number of trucks in operation and
the total working time of trucks. In this work, a determined-activities-on-vertex graph was
adopted to reformulate the LCDP as a graph-based bi-level nonlinear mixed-integer
mathematical model. Moghaddam et al. (2020) presented a two-layered network formulation
for a generalized LCDP, in which a graph structure with two layers was used to deal with the
time and capacity constraints in an efficient way. The multi-period multi-trip LCDP was
examined by Bruglieri et al. (2021), where the time horizon was divided into multiple
discrete periods, and trucks can perform multiple trips within each period. Cui et al. (2022)
proposed a new variant of LCDP with trailer reposition that allows the separation of tractors
and trailers, where a two-stage solution framework based on a hybrid large neighbourhood
search and tabu search heuristic was formulated to solve the LCDP. There are also many studies
for the LCDP under new cost-efficient drayage operation modes with high utilization of
resources. For example, Imai et al. (2007) addressed an LCDP considering the sharing of empty
containers and developed a heuristic algorithm based on Lagrangian relaxation to obtain near-
optimal solutions by solving several sub-problems. Afterward, to further improve the drayage
efficiency, Xue et al. (2014) proposed the tractor-trailer separable mode where a tractor can be
separated from its companion trailer, enabling the drivers to continue to serve the next customer
without waiting at the current customer sites for the unpacking/packing work. They formulated
this problem as a vehicle routing problem with temporal constraints. A tabu search algorithm
was developed to solve the problem. Song et al. (2017) extended the model in Xue et al. (2014)

by considering necessary container maintenance at the depots. They treated the problem as an
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asymmetric vehicle routing problem and formulated it as a MILP model. A branch-and-price-
and-cut algorithm was proposed to solve the problem. Both Song et al. (2017) and Xue et al.
(2014) assumed that a tractor could only carry one trailer at a time. Later on, some studies
relaxed this assumption by allowing a tractor to haul two or more trailers (containers) at a time
(Wang and Zhang, 2019; Zhang et al., 2018; Zhang et al., 2020). Specifically, Zhang et al.
(2018) explored the foldable container drayage services in which a truck can carry a loaded
container or multiple folded containers at a time. A range-based truck state transition method
and an improved reactive tabu search algorithm were developed to address the problem. Wang
and Zhang (2019) proposed a double-trailer separable mode for the LCDP, where a tractor can
carry two trailers. This was further extended to the multi-trailer drop-and-pull mode by Zhang
et al. (2020), in which a mixed-integer nonlinear programming model and a backtracking
adaptive threshold accepting algorithm were developed to address the problem.

Quite recently, enabled by the CAV technology, vehicle/truck platooning holds great
potential for further cost reduction and efficiency gains in the transportation process (Chen et
al., 2021; Engholm et al., 2021; Larsen et al., 2019; Mahdinia et al., 2020; Sivanandham et al.,
2020; SCHENKER, 2019). As recently reviewed by Ghosal et al. (2021) and Bhoopalam et al.
(2018), truck platooning is capable of reducing resource costs while ensuring a high safety for
the drivers via a reliable network architecture and the communication protocols, which
demonstrates the feasibility of the platooning techniques in practical applications. For example,
She et al. (2022) presented a network design model to optimize the positioning configuration
of autonomous and connected truck platoons in dedicated lanes, where the problem was
formulated as an integrated bi-level optimization model. Liang et al. (2022) investigated the
dynamic resource allocation problem for truck platoon in a vehicle network based on the semi-
Markov decision process and deep reinforcement learning, aiming to maximize the total profit
considering the resource cost and income balance of the transportation system. The effects of
truck platoons on the traffic flow were investigated by Calvert et al. (2019), in which the impact
of truck platoons on the traffic states, truck gap settings, platoon sizes, and the share of
equipped trucks were examined. In particular, there have been some studies incorporating the
emerging truck platooning technology into the LCDP (Xue et al., 2021; You et al., 2020; You
et al., 2022). Among the studies, You et al. (2020) were the first to address a general LCDP
considering the sharing of empty trucks under the truck platooning operation mode, in which

only the leading truck required driver’s intervention and was autonomously followed by a set



of unmanned trucks. They also assumed that all the drivers and trucks must return to the
terminal after completing all the delivery/pickup requests of the customers within a prescribed
maximum planning horizon of the drivers. A heuristic method based on the ant colony
algorithm was proposed to solve the problem. Xue et al. (2021) later incorporated the fuel-
saving benefits of truck platooning in a special platoon-based LCDP model, in which trucks
from different platoons cannot platoon together throughout the service process and the sharing
of empty trucks was not allowed. Very recently, You et al. (2022) considered the load-
dependent fuel cost and the multi-trip feature of drivers in the LCDP with truck platooning, in
which a driver can access the terminal multiple times in a working day, but the sharing of empty
trucks among customers was not allowed. They formulated a MIP model and proposed a

tailored branch-and-price-and-cut algorithm to solve the problem.
1.2 Objective and contributions

The truck platooning modes considered in previous studies all assumed that the
unmanned following trucks dropped off at a customer site for conducting the
unpacking/packing work cannot move without a driver. In other words, the dropped-off trucks
cannot be utilized to serve the next customer until regaining the guidance of a leading truck
with a driver, which results in low utilization of the trucks. Moreover, considering that the
unpacking/packing tasks always take a relatively long time (often up to a few hours), the drivers
in the leading trucks would experience unnecessary waiting time for the completion of the tasks,
which is a waste of labor resources. Therefore, we propose a novel improved platooning
operation mode (IPOM), in which trucks are allowed to freely form platoons with each other
using autonomous driving technologies subject to a maximum platoon size constraint; and
notably, each driver is not necessarily always attached to one leading truck throughout the
service process, i.e., the driver does not have to wait at a customer site for the
packing/unpacking task of the leading truck, but can move to drive other (leading) trucks at
different customer sites by available alternative transport modes, e.g., motorcycle, taxi, and
shared vehicle, for subsequent tasks. The proposed IPOM unlocks the flexibility and improve
the utilization of the drivers and trucks so as to improve the operation efficiency and reduce
the cost. We also consider the sharing of empty trucks and the fuel-saving benefit of truck
platooning. In particular, different from Xue et al. (2021) which did not allow trucks from
different platoons to platoon together, we model the fuel savings by flexible platoons formed

during the service process by trucks from different platoons upon departure from the terminal.
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The objective of this study is to determine the optimal numbers, routes, and schedules of the
drivers and trucks that minimize the total operational cost, including the driver employment
cost, the truck deployment cost, the fuel consumption cost of trucks, and the travel cost incurred
by using alternative transport modes, in order to complete all the delivery and pickup requests

for a group of customers without violating the daily maximum planning horizon.

To achieve the objective, we will formulate a MILP model for the proposed problem.
Due to the complicated structure of the problem, even for a small-sized instance, the proposed
MILP model is computationally intractable for the commercial solvers. Therefore, a
customized heuristic construction method incorporating simulated annealing is proposed to
obtain near-optimal solutions for practical-sized problem instances. Extensive numerical
experiments are conducted to demonstrate the efficacy of the proposed model and solution
method and quantify the advantages of the IPOM for the LCDP. Sensitivity analysis is also
conducted to examine the effects of several influential factors on the system performance and
derive managerial insights for relevant stakeholders. To the best of our knowledge, no one has
ever considered the proposed IPOM in the platoon-based container drayage services. The
aforementioned literature review validates the novelty and necessity of this study.

The remainder of this paper is organized as follows. Assumptions, notations, and
problem statement are elaborated in Section 2. A MILP model for the proposed problem is
formulated in Section 3. A simulated annealing-based heuristic construction method is
developed in Section 4, followed by the numerical experiments and sensitivity analyses in

Section 5. Finally, Section 6 presents conclusions and future research directions.
2. Assumptions, notations, and problem statement

We consider a drayage firm who schedules a group of drivers and an autonomous truck
fleet to serve a set of delivery and pickup customers distributed in the local area around a
terminal. A fully loaded truck will depart from the terminal to a delivery customer and wait at
the customer site for unpacking. After the unpacking work is completed, the empty truck will
then go back to the terminal or a pickup customer for reuse. In other words, each pickup
customer will be served either by an empty truck from the terminal or the one released from a
delivery customer served previously. After the packing work at the pickup customer is done,
the loaded truck will then transport back to the terminal. In summary, each customer
corresponds to two tasks in different stages before and after the packing/unpacking work of the

service request and should be visited twice by drivers, who are not necessarily the same. The
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service duration time between the two tasks of a customer must not be less than the
corresponding container unpacking/packing time. We consider an improved platooning
operation mode (IPOM) as follows: during the transportation process, trucks can freely form
platoons with each other to save fuel subject to the maximum platoon size constraint, in which
only the leading truck requires a driver and is autonomously followed by several driverless
trucks. Kindly note that trucks from different platoons upon departure from the terminal are
allowed to platoon together. Each driver is not necessarily attached to a leading truck but can
move by alternative transport modes to other customer sites to drive other trucks. In addition,
each driver will undertake at most one route. All the drivers and trucks should return to the

terminal within a pre-specified maximum planning horizon.

We define the LCDP over a graph G=(N,A), where N is the node set and
A={(i, )|, jeN,i= j} isthe arc set. Note that N=DUP ({0}, where D and P denote the
set of delivery and pickup customer nodes, respectively, and O represents the terminal, which

gathers drivers in set V and parks homogeneous autonomous trucks with single-container

capacity in set K. In the proposed IPOM, drivers may move by trucks or alternative transport

modes from one to another customer site. Hence, there will be two travel times t; and t;
associated with each arc (i, j) € A, representing the required travel time of arc (i, j) by taking

trucks or alternative transport modes, respectively. The fuel consumption cost of the trucks and

the travel cost of the alternative transport modes to traverse arc (i, j) € A are denoted by c;

and ¢’

i » respectively. During the transportation process, trucks can freely platoon together for

more fuel savings and the number of trucks traveling together on each arc cannot exceed the
maximum platoon size . for safety concerns. Regarding the fuel-saving effect by platooning,

we assume that the following trucks in the platoons can save fuel by a ratio of 7, while the

leading trucks experience no fuel savings. For example, the total fuel consumption cost

incurred by a platoon made up by m trucks traversing arc (i, j) will be calculated by
¢;[L+(@—7n)(m-1)]. In addition, the daily fixed costs of a driver and a truck are denoted by A4
and A, , respectively. To fully present the LCDP of our interest, we will elaborate on the
operational characteristics and truck movement tracking in the following subsections.

2.1 The improved platooning operation mode

In the existing platooning modes for LCDP, the unmanned following trucks dropped
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off at a customer site for conducting the unpacking/packing work cannot move without a driver.
In other words, the dropped-off trucks cannot be utilized to serve the next customer until
regaining the guidance of a leading truck with a driver, which results in low utilization of the
trucks. Moreover, considering that the unpacking/packing tasks always take a relatively long
time (often up to a few hours), the drivers in the leading truck would experience unnecessary
waiting time for the completion of the tasks, which is a waste of labor resources. Therefore, it
is of paramount importance to develop an improved platooning operation mode that can unlock
the flexibility of the drivers and the trucks so as to improve the operation efficiency and reduce
the cost. Motivated by this, in this study, we propose the IPOM for the LCDP to improve the
utilization of drivers and trucks. Under this mode, besides the truck, a driver can use alternative
transport modes available nearby to head for other customer sites to conduct service tasks, i.e.,
drive back the trucks dropped off previously. In nowadays’ modern transportation network,
there are a variety of transport modes, such as taxis, shared vehicles, ride-hailing, motorcycles,
and buses, which widely cover the urban areas, suburbs, and industrial zones. In addition, with
the rapid development of “Internet+ Travel solutions”, various types of new internet-based
travel modes enabled by the easy-to-use apps, i.e., ride-sharing platforms, carpool software,
taxi-hailing apps, have already achieved a high market penetration, making the movement
between different customer sites much easier and more convenient. In summary, thanks to the
extensive transportation network and internet-based new travel modes, it may not be difficult
for the drivers to find an available travel mode to move to the next customer (APTA, 2021).

We will use the example shown in Figure 1 to illustrate the operational characteristics
and benefits of the proposed IPOM. In this example, four delivery customers, including D1,
D2, D3, and D4, and two pickup customers, i.e., P1and P2, are to be served. It shows that driver
1 departs from the terminal with a platoon comprising of three loaded trucks. He/she drops off
the loaded trucks at D1, D2, and D3, respectively, and waits at D3 until the unpacking work is
completed. Then, this driver revisits D2 to form a platoon of two emptied trucks, while the
emptied truck at D1 will be hauled back to the terminal by another driver (driver 3 in this
example). Since the sharing of the empty trucks is allowed, driver 1 will send the two empty
trucks released from the delivery customers D2 and D3 to P1 and P2 for reuse, respectively.
After the packing work at P2 is completed, driver 1 will return to the terminal with a loaded
truck, whereas the loaded truck at P1 will be transported back to the terminal by another driver
thereafter. As for driver 2, he/she departs from the terminal with one loaded truck and drops



off the truck at customer D4 for the unpacking work. Thanks to the IPOM that allows the use
of alternative transport modes after dropping off the truck, the driver can move to P1 by, e.g.,
taxi, to drive back the loaded truck without waiting at D4 for the completion of the unpacking
task, and then revisit D4 to form a platoon of two trucks. Since driver 2 may have extra time
within the maximum planning horizon after revisiting D4, he/she can head for D1 to form a
platoon of totally three trucks and finally returns to the terminal. However, if IPOM cannot be
implemented, driver 2 has to wait at D4 until the unpacking work is completed so that he/she
may not have enough time to pick up the truck at P1 without violating the maximum planning
horizon, let alone serve D1. In this case, another one or two drivers would be required to drive
the truck(s) to haul the trucks at P1 and D1 back to the terminal. As indicated by the example,
we find that the IPOM holds great potential to improve the drayage efficiency by labor and

truck savings.

D3

D2

-1P1

% \\%@ & Bl T : Loaded truck

% A i [_J@): Empty truck
ermina .

— Route of driver 1

—--—---: Route of driver 2

Figure 1. An example of the improved platooning operation mode

2.2 Truck movement tracking

For the considered LCDP problem, an empty truck for a pickup customer will be either
from the terminal or the one released from a delivery customer after the unpacking work is
completed. Besides, the platooning mode that multiple trucks traveling together in the form of

a platoon would force the trucks to traverse many interim customer sites on the way from their
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respective starting points to their respective target customers. The integration of the sharing of
empty trucks among customers and the platooning mode creates challenges in modeling the
specific movements of the trucks and obtaining the number of needed trucks to complete all
the drayage requests. For example, even if the route of each truck is known, it is difficult to
know whether the truck for a pickup customer is from the terminal or a previously served
delivery customer, leading to the confusion regarding the matching between trucks and
customers and accordingly the number of actually needed trucks to fulfill all the tasks. To
address this issue, we will follow You et al. (2020) to define the OD pairs to track the

movements of the trucks when they are moving among customers.

As aforementioned, each customer is associated with two different tasks in two stages
before and after the packing/unpacking work. For modeling purposes, we virtually split each
customer node into two task nodes to represent the two stages of the tasks for a customer.

Specifically, let C, denote the set of the first-stage task nodes, including the set D, of loaded
delivery task nodes and the set P, of empty pickup task nodes. Similarly, let C, represent the
set of the second-stage task nodes, consisting of the set D, of emptied delivery task nodes and
the set P, of loaded pickup task nodes. Let C=C, UC, denote the set of all task nodes, where
C,=D,UP, and C,=D,UP, . The customer node set N can then be translated into
N=D, UD, UP, UP, U{0}=CU{0}. Note that the corresponding second-stage task node of a
customer’s first-stage task node i € C, is denoted by i", and vice versa. Based on the definition

of the two-stage task nodes of a customer node, an OD pair can be defined as follows: an OD
pair consisting of one origin node and one destination node is utilized to indicate that a truck
departing from the origin node is dedicated to serving the destination task node. For a particular
OD pair, a set of task nodes sequentially traversed by a truck on the route from the origin to
the destination are considered as transfer nodes. The terminal node cannot serve as a transfer
node in the route connecting an OD pair. Note each task node can be either an origin or a
destination only once, and thus the number of OD pairs is finite in our concerned problem.
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Figure 2. Illustration of all possible OD pairs

P2

Combined with the requirements of the movements of trucks and the splitting strategy

for the customer nodes that have been elaborated above in this section, we first list all the

possible OD pairs that may occur in the proposed problem in Table 1. We further present Figure

2 to illustrate all the seven types of possible OD pairs, in which the dotted lines represent

several task nodes that may be traversed on the routes from the origins to the destinations for
the OD pairs. We then apply Constraints (1)-(8) introduced by You et al. (2020) to explicitly

track the trucks’ movements. Kindly note that to facilitate the reference to an OD pair in the

mathematical formulation, we define R as the set of all possible OD pairs, where

R ={({0},D,).({0},P).(D,. {01, (P, {0, {(d,,d)[d,eD,, d,=d}{(p.P)| PieP,
P, = pll}:(Dzi Pl)}'
Table 1. List of all the possible OD pairs
(O, D) The number of possible OD pairs
({0}, D,) D, |
({0}, P,) [P, |
(D,.{0}) |D, |
(P,.{0}) [P, |
{(d,,d,)|d, eD,,d, =d} |D, |
(P, P) I PP p, = pi} [Pyl
(D21P1) |D2|'|P1|
Y oy =1vdeD, (1)
ieN
> OQlaf+ai’)=1vdeD, (2)
jeN\d  peP;
Z (z ai?)p +ai?3p) =1LVpeP, 3)
ieN\p deD,
> all=1peP, ()

jeN
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ay’=0,VieC,0eC,d eN,(0,d) eR ®)

a%=0,VieC,0eN,d eC,(0,d)eR (6)
> ay'=0,v(0,d)eR (7)
ieN\o
Y a5'=0,v(0,d) eR (8)

ieN\d

where the binary decision variables o,

V(i, j) € A (0,d) e R denote whether arc (i, j) is
traversed in a trip that connects the (o, d) pair. Constraints (1)-(4) express the requirements of
the movements of trucks. To be more specific, Constraints (1) impose that for the first-stage
delivery task node, a loaded truck must be transported to it from the terminal. Constraint (2)
represents that for the second-stage delivery task node, its released emptied truck can either be
transported to the terminal or to a first-stage pickup task node for reuse; Similarly, Constraint
(3) expresses that for the first-stage pickup task node, its requirement of an empty truck can be
either satisfied by the terminal or a second-stage delivery task node. Constraint (4) ensures that
for the second-stage pickup task node, the loaded truck after the completion of the packing task
must be hauled back to the terminal. Constraints (5)-(8) are restrictions pertaining to the
features of the OD pairs. Specifically, Constraints (5) and (6) ensure that the terminal node
cannot be used to connect an OD pair. Constraints (7) and (8) enforce that the origin node and

destination node of an OD pair cannot act as transfer nodes to connect this OD pair.
3. Optimization model building

To formulate the LCDP under the IPOM that optimizes the numbers, traveling routes
and time schedules of the drivers and trucks, in addition to the binary route variables

%, V(i, j) e A,veV for the drivers and the binary route variables y;,V(i, j) € Ak e K for
the trucks, indicating whether the driver veV travels along arc (i, j) on his/her trip and
whether the truck k € K traverses from node i e N to node j e N, respectively, we also need
define binary decision variables 3, V(i, j) € A and continuous time variable s;,VieN, to
denote whether there is at least one truck traversing arc (i, j) and the service beginning time
of task node ieC , respectively. Besides, let p.,ieC, denote the required container

unpacking/packing time of each customer. The notations used throughout this study are
provided in the appendix for readers’ convenience. With the aforementioned notations, the
LCDP under the IPOM can be formulated by:
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[LCDP]

min A2 %t D Yoy 0y D DA+ U=m(Q vy - A)l+

xya fs veV jeC keK jeC ieN,i%j jeN kek 9)
G Y Y K-h)
ieN,izj jeN veV
subject to Egs. (1)-(8), and
D X5 <LWWeV (10)
ieC
> > xi=1vjeC (11)
veVieN\j
Zxﬂf:Zx‘j’i,‘v’jeC,VeV (12)
ieN\j ieN\j
D ve <LvkeK (13)
ieC
S yE>1vieC, =i (14)
keK
D yi=> vy, vieCkeK (15)
ieN\j ieN\j
1<> > yi<LvjeC (16)
keKieN\{j,j}
yi';stg,Vi,jeN,jii,i',VKeK (17)
veV
DY IL<B <Dy Vi jeN, j#i (18)
keK keK
DXz p Vi jeN, j=i (19)
veV
> ay= > aj V(,d)eR,geC,g=o=d (20)
icC\g,9} jeCVg.9}
o =3 a%, v(o,d) e R (21)
ieN jeN
> Y o= Y yivieC @)
(0,d)eRieN\{j,j} ieN\{j, |} keK
D o <>y Vi jeCli# ] (23)
(0,d)eR keK
s,+p <s,VieC, (24)
S, >ty - By + (L= B,) t,,VieC (25)
s, +t, <T,VieC, (26)
s, 28+t - B, +(1- ;) —M .(in‘; ~1),Vi,jeC,i#j (27)
veV
X,y et B, e{0,3, Vi, jeN,i= j,veV,keK,(0,d) eR (28)
5,20,VieN (29)

where M is a sufficiently large number. The objective function shown by Eq. (9) is the sum
of the total operational costs, including the driver employment cost, the truck deployment cost,

the total fuel consumption cost of trucks considering fuel savings of platooning, and the total
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travel cost incurred by alternative transport modes. Constraints (10)-(12) construct the drivers’
routes. Specifically, Constraint (10) enforces that each driver can only depart from the terminal
once at most. Constraint (11) stipulates that each task node should be visited by one driver
exactly once. Constraint (12) ensures the flow conservation for each driver. Constraints (13)-
(15) construct the traveling routes for trucks. Constraint (13) restricts that each truck cannot be
deployed repeatedly. Constraint (14) ensures that there is at least one truck staying at the
customer’s location until the (un)packing work is completed. Constraint (15) enforces the flow
conservation for each truck. Constraint (16) limits the maximum platoon length. Constraints
(17)-(29) specify the relationship between drivers’ routes and trucks’ movements among task

nodes. Specifically, Constraint (17) imposes that a truck cannot move without a driver’s
guidance. Constraint (18) determines the value of the binary variables ,3” to indicate whether

there is at least a truck traversing arc (i, j) . Constraint (19) implies that a driver can traverse
an arc without trucks. Constraints (20)-(23) track the specific flow of trucks. Constraint (20) is
the flow conservation for each OD pair. Constraint (21) ensures the flow balance of each OD
pair. Constraint (22) guarantees that for each task node, the flow of arcs used to connect the
OD pairs through the task node is equal to the flow of trucks. Constraint (23) indicates that an
arc used to connect the OD pairs is traversed by at least one truck. A graphic illustration for
Constraints (20)-(23) is provided in Figure 3, in which (Terminal, D2), (D2, P1), and (P1,
Terminal) are the three considered OD pairs. Constraints (24)-(27) are the constraints for the
time schedules of task nodes. Constraint (24) makes sure that the required unpacking/packing
time must be satisfied. Constraints (25) and (26) impose that each task must be completed
within the maximum planning horizon. Constraint (27) specifies the relationships of the service
starting time between two customers that the same driver consecutively visits. Constraints (28)-
(29) define the domains of the decision variables.
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Figure 3. Graphic illustration for Constraints (20)-(23)

The major differences of our study and You et al. (2020) lie in the consideration of fuel
saving of platooning and the movement of drivers. The two new features are reflected in
variables, terms, or constraints related to the fuel cost and drivers’ movement as well as the
coupling constraints linking the trucks’ and drivers’ movements. In fact, if the platoon fuel
saving ratio is set to 0 and the unit travel costs or the travel speeds of the alternative transport
modes are set to be infinite, the MILP model of this study will reduce to that of You et al.

(2020), which indicates that the proposed model is more general.
4. Solution method design

The proposed general LCDP model is NP-hard since its special case, such as the model
in You et al. (2020), has already proven to be NP-hard. Simulated annealing (SA) has been
widely used to solve this type of complicated problem with demonstrated good performance
(Braekers et al., 2014; Escudero et al., 2019; Kuo et al., 2010; Oudani et al., 2021; Wei et al.,
2018; Xiao et al., 2012). Therefore, we propose a customized heuristic construction method

incorporating simulated annealing (HCSA) to solve the proposed problem.
4.1 Framework of the solution method

As discussed above, we can see that the proposed IPOM is more complicated than the
existing operation modes for the LCDP. In particular, the sharing of empty trucks among
customers, truck platooning, and drivers’ movements by alternative transport modes would
make it difficult to calculate the actual number of required trucks, the specific movements of
the engaged drivers and trucks among customers, the exact number of trucks traveling (together)
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over each arc, as well as the time spent moving between customers of the drivers. Therefore,
we develop a customized HCSA to solve the proposed problem by designing tailored

procedures devoted to addressing these challenges.

The framework of the HCSA is presented in Figure 4. In the framework, a tailored
solution encoding scheme considering the characteristics of the proposed problem is presented
in Subsection 4.2, the heuristic construction process for the initial solution is provided in
Subsection 4.3, and the SA algorithm specially designed to iteratively improve the solutions
for the considered problem are elaborated in Subsections 4.4-4.6. Note that during the heuristic
construction process, the main challenge to generate an initial solution is to maintain the
platoon size constraint feasibility for each driver since the number of trucks traveling together
in a platoon led by a driver will change dynamically during the service process. Therefore, we
specify effective rules for updating the platoon size in each driver’s traveling route in
Subsection 4.3. In addition, the objective function value calculated by Eq. (9), i.e., the total
operational cost, will be used as the solution evaluation criteria for the proposed HCSA.
However, the calculations for the truck deployment cost, the total fuel consumption cost of
trucks, and the total travel cost of alternative transport modes are not trivial since the number
of needed trucks, the specific truck flow on the route, and the driver’s movement modes (trucks
or alternative transport means) among customers over each arc cannot be directly derived from
the solutions. Hence, a series of customized calculation rules are designed to precisely evaluate
the solutions based on the implicit information provided by a solution, which will be elaborated
in Subsection 4.5.2 and Subsection 4.5.3, respectively. Furthermore, in view of the maximum
planning horizon constraint imposed on the drivers, it is necessary to guarantee the temporal
feasibility for all the task nodes. Nevertheless, the unique strategy in the IPOM that the drivers
can move by trucks or alternative transport modes create difficulties in calculating the actual
travel time between two consecutively visited customers. Therefore, we design customized
procedures for the time feasibility check devoted to the LCDP with IPOM in Subsection 4.5.1
and Algorithm 2 (lines 12-20). Besides, the tailor-made neighborhood search operators and the
scheme of SA are presented in Subsections 4.4 and 4.6, respectively.
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Figure 4. The framework of the HCSA

4.2 Solution encoding

In the proposed HCSA, a set of natural number strings in S represents a solution to the
proposed problem and each string denotes the routes of each driver. Since all drivers will start
and end at the terminals, each string S €S will have the terminal encoded as ‘0’ at both ends.
The task nodes are encoded as positive integer numbers, and the numerical order of each string
represents the specific visiting sequence of task nodes for each driver. For example, a string set

S={]0,1,2,4,0],[0,3,5,6,0]} means that two drivers are employed to serve all the 6 task nodes

(3 customers) according to the sequences displayed in the strings.
4.3 Initial solution construction

Many experiments and studies have demonstrated that SA is robust; that is, the quality
of the final solution is not very dependent on the quality of the initial solution, and hence any
feasible solution can serve as an initial solution for the SA (Bernardo et al., 2018; Mousavi et
al., 2017; Wang et al., 2015). However, finding an initial solution for the LCDP under the

IPOM requires non-trivial efforts due to its complicated operational characteristics and
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modeling considerations. In this study, we utilize a greedy algorithm considering the IPOM
characteristics to construct the initial solution. To construct a string for each driver, an unserved
task node is selected based on the nearest distance to the last inserted node starting from the
terminal. If no unserved task node can be inserted without violating the maximum platoon size
constraint, the current string will be ended by the terminal and the generation process starts
again from the terminal and continues to construct the next string until all task nodes have been
inserted into strings in place. During the generation process for the initial solution, it is
challenging to maintain the platoon size constraint feasibility because the actual number of
trucks occupied in each string (i.e., the fleet size of each string) will change dynamically
depending on the type of the next task node attempted to be inserted into the string in the

following ways:

(1) For each task node ieD,, its required loaded truck can only be satisfied by the

terminal. Therefore, the fleet size increases by one.

(2) For each task nodeieD,, if i'e D, is already included in the string, the fleet size

remains unchanged; otherwise, the fleet size increases by one.

(3) For each task node i € P, its requirement can be either satisfied by the terminal or an

emptied truck previously released from a second-stage delivery task node. Therefore,
if the current string contains at least an available empty truck, the fleet size remains

unchanged; otherwise, the fleet size increases by one.

(4) For each task node i e P,, if i"e P, is already included in the string, the fleet size

remains unchanged; otherwise, the fleet size increases by one.
4.4 Neighborhood structures

In simulated annealing, the current solution is continuously replaced by its neighboring
solutions generated in the neighborhoods identified by the predefined search operators with the
purpose of finding a global optimum. In this study, six different neighborhood search operators
are employed. The first three, i.e., swap, reversion, and relocation, are simple operators that
have been commonly adopted in the SA scheme (Braekers et al., 2014; Escudero et al., 2019;
Kuo et al., 2010; Oudani et al., 2021; Wei et al., 2018; Xiao et al., 2012), while the other three,
named 2-swap, remove, and split, are specifically designed operators for the underlying

problem to further diversify the solution structures that can be investigated during the search
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process. Specifically, the swap move is carried out by exchanging the positions of two
randomly selected nodes in a solution string. The reversion is performed by randomly selecting
a pair of nodes in a string and then reversing the order of the substring in-between them. In the
relocation move, a randomly chosen node is removed and reinserted into another position in
the same string. The 2-swap is to exchange the places of two randomly selected segments of
nodes belonging to two different strings. The remove operator is executed by removing all
nodes of a short string consisting of fewer nodes and inserting them into another long string
consisting of more nodes, in which the insertion position is randomly selected. This operator
aims to reduce the number of strings (i.e., the number of employed drivers) by integrating the
nodes of short strings into other longer ones as long as the resultant fleet sizes of the new strings
do not exceed the maximum allowable platoon size. Contrary to the remove operator, the split
operator is implemented by dividing an overlong string into two shorter strings. It will remove
a segment of nodes from a long string, and the remaining two parts of the string are combined
to generate a new string, while the removed part will build another new one by introducing the
terminal at both ends. This operator aims to prevent the number of the task nodes served by the
same driver from being unreasonably large; otherwise, longer detours and accordingly
prohibitive travel costs may be incurred. Note that SA explores one neighborhood selected
from the aforementioned six search operators at each iteration for better solutions. Detailed
movement strategies of the operators on the current solutions are also visualized in Figure 5

(a)-(f), with each dedicated to one operator.
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Figure 5. Specific movement strategies for the neighborhood search operators

4.5 Solution evaluation

The objective function value calculated by Eq. (9) is directly used as the evaluation
criteria for the proposed HCSA. The objective function is to minimize the sum of the driver
employment cost, the truck deployment cost, the fuel consumption cost incurred by trucks and
the travel cost incurred by alternative transport modes. According to the encoding structure of
the solution, the driver employment cost is evidently associated with the number of strings in
the solution, whereas the calculation for the truck deployment cost, the total fuel consumption
cost and the total travel cost becomes a difficult issue. In fact, though the visiting order of task
nodes is determined in a solution string, the number of the engaged trucks and the practical
number of trucks traveling (together) on each arc, as well as the travel times between customers
are still unknown to us since the specific truck flow on the route and the driver’s movement
modes (trucks or alternative transport means) over each arc are not clear. Therefore, we design
a customized approach to evaluate the solutions by exactly calculating the truck deployment
cost, the fuel consumption cost of trucks, and the travel cost of alternative transport modes,

which will be elaborated in the following subsections.
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4.5.1 Temporal feasibility check for task nodes

The initial solution constructed by the fast heuristic described in Subsection 4.3 and the
neighboring solutions generated according to the search operators may not be guaranteed to be
feasible with respect to the planning horizon constraint for all the task nodes imposed by Eq.
(26). To reduce unnecessary calculation time, we will only evaluate feasible solutions. Hence,
before the solution evaluation process, we should have the following constraints for each task

node to go through the temporal feasibility check:

[oi, 7 ]=[t, T —tis — P 1. VieC, (30)
[0, 7] =[te + P, T —1,], VieC, (31

where o, and z, denote the earliest and latest service starting time for task i € C, respectively.

The combination of Eq. (30) and Eq. (31) enforces that the service of each task node must be
completed within the maximum planning horizon and each second-stage task node cannot be
served before the completion of its corresponding first-stage task node. Given the visiting
sequences of all task nodes in the solution strings, once the service starting time for a task node
is not within its hard time window specified by Egs. (30)-(31), the string where this node is
placed is infeasible. Then, for a solution that contains such a string that violates the maximum
planning horizon constraint, we will directly assign an infinite value to its objective function
value (i.e., evaluation result). Note that the strategy that drivers can be transferred by trucks or
alternative transport modes results in some confusion about the actual travel times between
each two consecutively visiting nodes, making the calculation of the service starting times of
task nodes become much more complicated. Therefore, we present specific procedures for time

feasibility check devoted to the underlying problem in Algorithm 2 (lines 12-20).
4.5.2 Calculation of the truck deployment cost

Given a feasible solution, one major challenge is to calculate the total number of needed
trucks. The key to overcoming this challenge is to judge whether the request of a first-stage
pickup task node can be satisfied by an empty truck previously released from a second-stage
delivery task node. Therefore, we present the pseudocode in Algorithm 1 to explicitly obtain
the total number of engaged trucks and the associated truck deployment cost. For each string
S €S, we first locate all the second-stage delivery task nodes that release empty trucks. After
that, for each pair of two adjacent second-stage delivery task nodes, we will count the number

g of the first-stage pickup task nodes between them. Kindly note that the number € of available
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empty trucks for reuse can be accumulated by one in case of g =0. The current number ~_ of

required trucks of string s will then be updated according to the relative size between ( and e.

Algorithm 1. Calculation of the truck deployment cost

1 Forstring SeS
2 Initialize the number of first-stage delivery task node in string s:n% <«—0; the number

of second-stage delivery task node in string s:n“ <—0;e<-0;q<«0; 7, « 0.

3 For each task node i € S do

4 If i e D,, then

5 n «n%+1; 7, < 7 +1;

6 Else if i € D,, then

7 n% «—n% +1;

8 End If

9 End For

10 Find the locations (indices) |, l,,.... ;, of the second-stage delivery task nodes in the
string;

11 For each task node ; located before |, do

12 If i e P, then
13 q<«q+1;
14 T 7w +q;
15 End If

16 End For

17 For | <l, <1, do

18 For each task node ; located between |, and | ,(1<z<n%) do
19 If i e P, then

20 g<«q+1;

21 End If

22 End for

23 If =0, then

24 e<«e+1;
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25 Elseif 0<q<e, then

26 e<«—e—qg+1;

27 Else if g >e, then

28 7w, <, +q-e-1;e=0;

29 End If

30 End For

31 For each task node ; located behind | ,, do
32 If i e P, then

33 q<«q+1;

34 End If

35 End for

36 If g >e, then

37 o <—m,+q—-e-1;
38 End If
39 End For

40 Return the total truck deployment cost: 4, Y 7,

SeS

45.3 Calculation of the fuel and travel cost

To obtain the fuel consumption cost of trucks considering the fuel savings by platooning
and the travel cost incurred by alternative transport modes, the number of trucks traveling
(together) on each arc has to be exactly calculated. Therefore, we present the pseudocode in
Algorithm 2 to capture the explicit truck flow en-route and calculate the associated fuel

consumption cost and travel cost. More specifically, for each string, we define w, ., to denote

i+l
the truck flow over the arc between the i" and the (i+1)" node of the string. Note that the
truck flow on the firstarc, i.e., w,, of string S €S evidently equals to the corresponding value

of 7, calculated by Algorithm 1. Then, we will update w,;,, according to the following

intuitive rule: w,, , will decrease by one only if the i"" node belongs to C,, and, at the same

i,i+l
time, the (i+1)" node is not the second stage of the i" node, and will increase by one once

traversing a second-stage task node (see lines 3-11). Kindly note that w.. , =0 indicates that

i,i+1
the driver uses alternative transport modes rather than the truck to come to the (i+1)" node
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from the i" node. As such, indicated by whether w, ., equals 0 or not, the time required to

traverse the arc will be determined, and thus the service starting time of task nodes can be
explicitly updated, enabling the temporal feasible check for the task nodes (lines 12-20). In
addition, the fuel consumption cost of trucks or the travel cost of alternative transport modes
on each traversal arc of the considered string can also be exactly calculated (see lines 21-29).
Finally, the sum of the total fuel consumption cost and the total travel cost for the solution can
thus be obtained (see line 31).

Algorithm 2. Calculation of the fuel and travel cost

1 Forstring SeS

2  Initialize the fuel consumption cost of each traversal arc of string S :
5.1 0,i=12..length(S)-1; W, < 7,.

3 Forthe i" (2<i<length(S)—1) node in string S (denoted by S(i)) do

4 If S(i)eC, and S(i+1) = (S(i))’, then

5 Wiy <= Wi —15

6 Else if S(i) e C, and S(i+1)=(S(i))’, then

7 W, < W

ii+1 i,i+1 >

8 Else if S(i) e C, , then

9 Wi < Wi +15
10 End If
11  End For

12 Forthe i" (2<i <length(S)—1) node in string S do
13 If S(i)eC,, then

14 Sy =S +t

15 Else if S(i)eC, and w,_,; >0, then

ERLEIOE

16 Ssiiy = maX{s(S(i))’ + Psqiyyr Ssia +t3(i-1),3(i)};

17 Else if S(i)eC, and w,_,; =0, then

18 Ss(iy = maX{S(S(i))’ + Psqyyr Ss(ia +té(i—1),s(i)};
19 End If
20 End For

24



21 Forthe i" (1<i<length(S)—1) node in string s do
22 If(0<w,

i,i+1

<L)and (S = 05)) and (Sgy < g ), then
23 f si,i+1 = Csiys(i+) [+ @)W, —D];

24 Elseif (W,

=0)and (Sg;) = 055y ) and (Sgy < 755y ), then
25

S ! .
f iivt = Cs(iys(ivy) »

26 Else then

27 fo . =+0;
28 End If

29  End For

30 End For

31 Return the total fuel and travel cost: Z Z fs
SeS I<i<length(S)

1,i+1

4.6 Simulated annealing mechanism

The heuristic construction method can obtain a feasible solution but may not be a good-
quality one to the proposed problem. Simulated annealing (SA) can be easily implemented for
awide range of optimization problems without relying on the restrictive properties of the model,
which is a suitable solution method for our proposed platooning problem. Therefore, we
incorporate the SA mechanism into the construction heuristic to diversify the solution
structures and iteratively guide the search for more satisfactory solutions in an efficient manner.
The procedure of the SA scheme is presented in Algorithm 3. As shown in the pseudocode, the
SA algorithm starts with a heuristically constructed initial solution S°. Then, the incumbent
solution S (begins with the initial solution) is iteratively transformed to its neighbor solutions
S' through the predefined neighborhood structures. If the objective function value of S’ is less

than that of S, we will replace the incumbent solution S with the new solution S’ ; otherwise,

—-AH
we will accept S' as the incumbent solution S with the Metropolis probability, i.e., e 7 ,

where AH is the deviation of the objective function values between S’ and S (i.e.,
obj(S")—obj(S) ), and T is the current temperature. As can be seen, the SA algorithm allows
accepting the changes that worsen the solution with a small probability, which effectively
reduces the likelihood of getting trapped in the local minimum. This search process is repeated

until the stopping condition, i.e., the pre-specified temperature threshold T or the maximum
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number B, of continuous iterations without improvement on the current solution is satisfied.

Finally, the best solution S so far will be updated if found. Note that the essence of the SA
scheme is to gradually lower the temperature T from a given initial temperature T° to a
specified terminating temperature T* . The current temperature T will decrease after a
number of consecutive attempts, denoted by Maxlter , for better solutions according to the
cooling rule T < T -&, where ¢ is the annealing rate, i.e., a constant between 0 and 1, to

control the cooling speed.

Algorithm 3. Scheme of simulated annealing

1 Initialization: Generate an initial solution S° by the construction heuristic; The non-
improvement counter: B < 0; The iteration index: iter < 0;S 8% S S0
T T
While (T >T*) do

If B>B then

2

3 e

4 Break and jump out of the loop;
5 End If

6 For iter<Maxlter do

7 Generate a new neighboring solution S’ of S in a randomly selected

neighborhood predefined by one of the six operators.

8 If obj(S") <obj(S), then

9 S«S'; B«0;

10 Else if obj(S") >obj(S), then

11 B <~ B+1; AH=0bj(S")—0bj(S) ; Accept or reject S' according to the
Metropolis probability: exp(—AH /T); if accepted: S« S'.

12 End If

13 End For

14 If obj(S) <0bj(S"), then

15 S «S;

16 End If

17 T=T-¢,

18 End While
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19 Return the best solution ever found: S”

5. Numerical experiments

This section presents the results of a series of computational experiments on randomly
generated instances. First, we will elaborate on the test instances used for our experiments.
Then, we will evaluate the proposed model and HCSA algorithm. Finally, sensitivity analysis
is conducted to explore the impacts of several major influential factors on the system
performance and derive practical insights. The mathematical models are coded in
AMPL/CPLEX, whereas the proposed HCSA and the involved competing heuristic algorithms
are all implemented in MATLAB R2020b. All numerical experiments are executed on a
personal computer with Intel (R) Core (TM) i7 3.4GHz CPUT with 16GB RAM.

5.1 Test instances and parameter settings

We will use randomly generated instances to test the model and algorithm. Customers
are randomly selected in a square region with a side length of 200 km, while the terminal is
located at the center of the region with coordinates (100, 100). Each customer has only one
delivery or pickup request, of which the required unpacking or packing time, i.e., p,, measured
by hour, is uniformly drawn from the set {2,3, ..., 5}. We specify motorcycles as the available
alternative transport mode that can be used by drivers at any customer sites. Given the travel
speed of 60 km/h for the truck and 35 km/h for the motorcycle, the travel time between two

customers can be obtained readily according to their Euclidean distance.

Following the existing parameter settings for the platoon-based LCDP in previous
studies, we set the model parameters as follows: the fuel-saving factor 5 by platooning, the
maximum platoon size L, and the maximum planning horizon T is set to be 0.1, 6, and 16 hr,
respectively. As for the cost-related parameters, the daily fixed costs to deploy a driver 4, and
atruck A, are set to be 100 and 50, respectively. The unit fuel consumption cost for the truck

and the unit travel cost for the motorcycle are set to be 1 and 0.5, respectively.

Based on some preliminary experiments and the guidelines for the SA, we set the
following algorithm parameters: T°, T*, ¢, and Maxlter in the experiments are set to be 20,
0.0001, 0.9999, and 300, respectively. Besides, we use T* =0.0001 and B, =3000 as the

stopping conditions of the HCSA. Based on these parameter settings, we perform numerical

experiments on multiple groups of random instances with different customer sizes ranging from
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4 to 400. Each group of instances is named by ‘atb’ where a and b represent the number of
delivery and pickup customers, respectively. For each group, five random instances will be

generated and the average results will be reported.
5.2 Algorithm performance

To evaluate the performance of the proposed solution method for solving the LCDP
with IPOM, we will compare the results of the HCSA with those obtained by solving the
proposed model directly using CPLEX and the other two well-known metaheuristics including
genetic algorithm (GA) and particle swarm optimization algorithm (PSO). Note that the HCSA,
GA, and PSO algorithms will be independently run three times for each instance and the
average results will be reported to ensure the reliability of the results and to mitigate the
uncertainty brought by the usage of each of the above heuristics. The maximum runtime for
CPLEX to solve each instance is set to 1 hr. Table 3 presents the comparison results of the
proposed HCSA with the other three methods for various test instances, with the best values of
each indicator highlighted in bold. For all methods, we report the objective function values
obtained within the time limit (Obj) and the elapsed CPU runtimes (Time). We also report the
gaps (Gap) of the average objective function values between the HCSA and each of the other
three methods, i.e., GA, PSO, and CPLEX, respectively.

We will first assess the performance of the proposed algorithm by comparing it with
CPLEX based on the obtained exact solutions. As presented in Table 2, we can see that CPLEX
fails to identify even a feasible solution for the instances with more than 30 customers within
1 hr and only the smallest instances can be solved by CPLEX. In contrast, the proposed HCSA
can obtain good-quality solutions for all the instances within 8 min on average. More
specifically, for most of the instances that can be solved by CPLEX within the time limit, the
HCSA can obtain the same or better solutions in a significantly much shorter time than CPLEX,
i.e., averagely 69s v.s. 3,004s. For the other instances that are intractable for CPLEX, the HCSA
manages to find good-quality solutions within only 0.3 hr on average. In particular, the HCSA
can obtain good solutions for instances with up to 400 customers (200+200) within 43 min.
The above findings demonstrate the considerable computational complexity of the proposed
problem and the effectiveness and efficiency of the proposed algorithm for solving the
underlying problem. Hence, we will use the HCSA to conduct the impact analysis of the IPOM
and the sensitivity analysis in the following sections. To further examine the computational
performance of the HCSA, we visualize the variations of the CPU runtimes of the HCSA with
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respect to the customer size in Figure 6. One notable observation is that the CPU time follows
a linearly increasing trend with the increase of the customer size. This is consistent with our
expectation that the proposed simulated annealing-based heuristic method takes advantage of
the metaheuristics that can find quite good solutions within rational time, indicating the great

potential of the HCSA to be implemented in real-life applications for the LCDP.
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Figure 6. The variations of the CPU runtimes with the increase of customer size

We then compare the solutions obtained by the proposed HCSA algorithm with those of
GA and PSO. As shown in Table 3, for almost all the instances, we observe that the HCSA
performs significantly better than the other two algorithms, with lower average objective values
and less CPU runtime. Specifically, compared with those obtained by GA, objective function
values and the CPU runtimes of HCSA have reduced by 12.62% and 44.43% on average,
respectively. As for the PSO, HCSA obtains averagely 9.55% smaller objective function values
in 34.61% less CPU runtime. The results have indicated that averagely speaking, the HCSA
achieves the best performance for solving the proposed IPOM model, followed by PSO and
GA. However, we also find that our algorithm slightly underperforms the competing algorithms
in a few small-sized problem instances, such as the ‘2+2°, ‘6+2’, ‘2+8” instance groups, but the
differences between the comparing indicator values are marginal. To sum up, the proposed
HCSA can produce better solutions with less computational effort compared with GA and PSO,
especially for middle and large instances. Moreover, we also observe that the runtimes of GA
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and PSO increase much faster than that of the proposed HCSA as the problem size grows,
which demonstrates that the efficiency of HCSA is less sensitive to problem size and thus it
has good potential to be implemented to solve large-scale LCDP. The satisfactory performance
of HCSA should be attributed to the customized framework, the tailor-made neighborhood
search operators, as well as the high-quality initial solution construction rules detailed in
Section 4. Overall, the proposed HCSA outperforms GA and PSO in terms of both solution
quality and runtime for solving the LCDP with IPOM.

We proceed to perform more numerical experiments to examine the performance of the
HCSA for solving the proposed model [IPOM]. Specifically, we numerically verify the
stability of the HCSA and investigate the impact of the locations of customers (i.e., randomly
distributed customers and clustered customers) on the algorithm performance in Subsections
5.2.1and 5.2.2, respectively.

5.2.1 Stability of the HCSA

For a given number of customers, the performance of the HCSA may vary according to
the parameter settings and the randomness of the instances. To numerically verify the stability
of the HCSA, we will test 8 groups of random instances with a small to a large number of
customers under different values of the annealing rate ¢, i.e., £<{0.99,0.999,0.9999}. The
results are summarized in Table 3, in which the minimum, the average, and the standard
deviation values of the objective function, as well as the average CPU runtimes for each group

of instances, are reported in the column Min, Ave, Std and T, respectively.

According to Table 3, we find that the average standard deviation of the objective
function values for all groups of randomly generated instances under different values of ¢ are
relatively small, i.e., 62.76 on average, indicating that the HCSA algorithm in general terms
maintains satisfactory stability in solving both small and large-sized random instances of our
proposed IPOM model. It is also worthwhile to note that the value of ¢ does influences the
performance of the HCSA algorithm. Specifically, compared with the other two settings of ¢,
the HCSA with £=0.9999 produces better solutions with an average of 24.95% lower
objective values and 34.76% higher stability, though accompanied by a 17.65% increase in
computational time. This observation also suggests that the trade-off between solution quality
and computational time should thus be well balanced by fine toning the value of ¢ in real

applications. To sum up, the HCSA exhibits acceptable stability for solving random problem
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instances of our proposed problem.
5.2.2 The impact of the locations of customers on algorithm performance

One factor that is expected to affect the algorithm performance is the location of
customers. Therefore, we proceed to assess the impact of the location of customers on the
algorithm performance by generating two types of instances with different distributions of
customers, i.e., randomly distributed customers and clustered customers, and comparing the
HCSA with CPLEX. Let a+bR and a+bC represent the randomly distributed (R) and
clustered (C) and instances, respectively. Randomly distributed customers are those that are
randomly distributed in a square region with a side length of 200 km. For clustered customers,
we generated customers in a small square region with the customers’ coordinates randomly
distributed over [100,120]. Since CPLEX can only solve small instances for the proposed
problem, we only conduct experiments on small-sized instances in this subsection. The
comparison results between HCSA and CPLEX on small-scale instances under different
distributions of customers are reported in Table 4. We can see that the distribution of customers
has little influence on the performance of the HCSA for solving the proposed problem since

both the values of Gap and the CPU runtimes vary little with the distribution types of

customers for all groups of instances with different customer sizes. To some extent, this finding
also verifies the stability of the HCSA for solving the proposed problem.
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Table 2. Performance comparison of HCSA, GA, PSO, and CPLEX

HCSA GA PSO CPLEX
atb Obj T(';‘)‘e Obj' Tg;e Obf  Time (s) Obj’ Tége Gap Gap Gap
2+2 254.41 84 25441 121 254.41 62 254.41 45 0.00%  000%  0.00%
343 257.14 74 25915 155 259.33 81 25623 3,600 078%  -0.84%  0.36%
2+4 208.01 64 20813 164 208.02 68 208.00 3,600 0.06%  000%  0.00%
4+2 310.96 69 34510 157 343.79 62 31080 3,600 9.89%  -955%  0.05%
4+4 310.42 81 37126 154 358.31 76 31193 3,600 16.39%  -13.37%  -0.48%
246 387.14 61 41264 148 419.30 70 41073 3,600 618%  -767%  -5.74%
6+2 501.71 72 52261 124 501.37 84 51553 3,600 400%  007%  -2.68%
545 460.42 79 46568 121 47123 76 46073 3,600 113%  -229%  -0.07%
248 422.45 78 42030 182 45335 88 51439 3,600 051%  -6.82%  -17.87%
8+2 601.97 81 67328 164 645.10 72 71258 3,600 10.59%  -6.69%  -15.52%
446 378.68 83 42268 160 401.32 88 41099 3,600 1041%  -564%  -7.86%
6+4 472.14 01 54462 212 512.46 89 511.06 3,600 1331%  -7.87%  -7.62%

10410 104943 195 179230 392 146022 226 2068.36 3,600 41.45%  -28.13%  -64.65%
15+15 151536 224 2231.60 411 181644 435 351569 3,600 3210%  -1658%  -56.90%
20420 213023 358 269142 406 267721 464 i 3,600 220.85%  -20.43% i
30+30 2097002 494 360255 812 338166 659 i 3,600 17.56%  -12.17% i
40+40 458323 603 552087 1,005 525460 1216 i 3,600 1712%  -12.78% i
50450 518036 724 6,043.72 1,542 5821.08 1,347 i 3,600 14.29%  -11.01% i

1004100 1026927  1.321 1204812 2,436 1172478 2431 i 3,600 14.76%  -12.41% i

1504150  19,114.89 1,885 2275677 3574 2182619 2,981 i 3,600 116.00%  -12.42% i

2004200  25834.83 2,603 3174920 4,349 3004610  3.875 i 3,600 [18.63%  -14.02% i

Average 367681 444 444502 799 423030 679 i i [12.62%  -9.55% i

Remarks: Gap'=(Obj-Obj")/Obj* x100% ; Gap®=(Obj-Obj’)/Obj? x100% ; Gap®=(Obj-Obj*)/Obj’ x100%
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Table 3. Comparison results under different values of ¢ for random instances

n—m £=0.99 £=0.999 £=0.9999
Min Ave Std T(s) Min Ave Std T(s) Min Ave Std T(s)
5-5 447.44 461.35 6.45 79 443.48 461.44 4.10 79 447.44 460.78 5.21 77
10-10 1014.87 1035.98 6.26 174 1006.87 1031.98 6.75 195 1004.23 1031.46 5.89 204
20-20 2022.02 2154.56 10.14 311 2013.11 2069.22 8.96 358 2007.96 2054.78 8.12 399
30-30 2994.65 3007.82 11.07 375 2969.05 2974.32 10.87 496 2961.65 2955.89 8.08 494
40-40 4588.30 4624.23 36.47 570 4571.41 4588.64 30.66 622 4566.63 4524.69 21.45 651
50-50 5174.94 5193.45 76.41 614 5171.96 5186.85 54.54 701 5169.58 5178.23 36.63 748
100-100  12436.13  12887.55 185.22 954 12019.13  12241.25 109.12 1158 11945.13 12107.55 55.45 1355
200-200  24838.63 25711.56 464.44 2187 24836.42  25450.56 382.12 2503 24653.63 25032.49 30444 2667
Average  5852.29 6025.57 80.96  498.62 5812.15 5918.62 61.45 642.00 5755.84 5822.59 45.58  692.54
Table 4. Comparison results between HCSA and CPLEX under different distributions of customers on small-scale instances
HCSA CPLEX G
i . a
Instances Obj' Time (s) Obj Time (s) P
2+2R 254.41 84 254.41 45 0.00%
3+3R 257.14 74 256.23 3,600 0.36%
4+4R 310.42 81 311.93 3,600 -0.48%
5+5R 460.42 79 460.73 3,600 -0.07%
10+10R 1,049.43 195 2,968.36 3,600 -64.65%
2+2C 215.46 84 215.46 41 0.00%
3+3C 238.23 72 238.25 3,600 -0.01%
4+4C 257.56 79 257.38 3,600 0.07%
5+5C 342.60 78 386.23 3,600 -1.05%
10+10C 835.02 192 2874.43 3,600 -70.95%
Average - 102 - 2888 -

Remark: Gap=(Obj"-Obj*)/Obj* x100%
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5.3 Impact analysis of the IPOM

To validate the benefits of the proposed IPOM, we will compare the results with those
of the LCDP under the YPOM on test instances, in which YPOM refers to the platooning
operation mode considered by You et al. (2020). Kindly note that You et al. (2020) did not
consider the fuel-saving benefits of truck platooning. For a fair comparison, we have
incorporated the fuel-saving effects to obtain the results under YPOM. More specifically, the
YPOM restricts that the drivers are attached to their respective trucks once departing from the
terminal, and they cannot move between customers without a truck and have to wait at some
customer locations for packing or unpacking. The IPOM considered in this study relaxes the
aforementioned assumptions and allows drivers to move among customers by alternative
transport modes for subsequent drayage operations since each driver is not necessarily attached
to the truck leaving the terminal with himself/herself. In fact, if the unit travel costs or the travel
speeds of the alternative transport modes are set to be infinite, the MILP model for IPOM will
reduce to that of YPOM, which indicates that the YPOM is a special case of the IPOM.
Theoretically speaking, when other conditions remain the same, the IPOM will lead to an
optimal objective value better than (put it more exactly, not worse than) that of the YPOM
since the MILP model for IPOM is a more general LCDP model and has larger search space
than that of the YPOM. To illustrate the differences of the detailed solution results under the
IPOM and YPOM, we provide a toy example (150 km x 100 km) of LCDP with 6 customers
in Figure 7, where the coordinate beside each node represents the corresponding location
information. Specifically, we consider four delivery customers, i.e., D1, D2, D3, D4, and two
pickup customers, i.e., P1 and P2. The detailed results under IPOM and YPOM are summarized
in Table 5. We can observe that fewer drivers and trucks are employed, and the total operational
cost is reduced under the proposed IPOM.

We further present the comparison results of various random instances with different
customer sizes under the two different drayage operation modes in Table 6, including the
objective function values (Obyj), the gaps between the IPOM and YPOM on the objective values
(Gap), and the detailed quantitative comparison results in terms of the number of employed
drivers (Dr), the number of deployed trucks (Tr), and the total fuel and travel cost (Fc). Again,
the minimum value for each indicator in each instance group is highlighted in bold. We can see
from Table 6 that the proposed IPOM can effectively reduce both the number of employed

drivers and the number of deployed trucks for all groups of instances when compared with the
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YPOM. This is consistent with our expectation that fewer drivers and trucks will be needed for
the LCDP under the IPOM since drivers can move to other customer sites using alternative
transport modes, e.g., motorcycles in the experiment, to drive back the trucks after dropping
off their leading trucks, leading to better scheduling and utilization of the drivers and trucks.
In addition, we also observe that the IPOM can achieve the lowest fuel and travel costs on
average. This implies that some unnecessary deployment or unfavorable detours of trucks
traveling in the form of a platoon can be avoided in the IPOM. In total, the proposed IPOM
can, on average, save the total operational cost by 5.68% in comparison with the YPOM. This
outcome reveals the advantages of our proposed IPOM over the YPOM to reduce the total
operational cost. In addition, we find that the average gap values for the middle and large-sized
instances (i.e., a+b>10) are larger than that for the small-scale (i.e., a+b<10) instances,
which indicates that the cost-saving benefits of the IPOM are more competitive in larger
instances. Moreover, if we dig further, we can find that for a given number of customers, the
composition ratio of the pickup and delivery customers does greatly affect the cost-saving
performance of the IPOM. In particular, the IPOM is increasingly competitive over the YPOM
in the problem instances with a higher composition ratio of pickup to delivery customers than
those with lower ones as reflected by the much larger gap values. In fact, the number of loaded
trucks required from the terminal and the number of empty trucks that can be shared among

customers are largely dependent on the composition ratio of the two customer types.

4 )

(33, 60) (116, 59)

(60, 35)

(137, 14)
(92, 28)
(17, 27)

Figure 7. Node locations of the toy example
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Table 5. Detailed results of the LCDP under IPOM and YPOM in the toy example

Results IPOM YPOM
Optimal objective value 412.26 562.78
Number of drivers 2 3
Number of trucks 4 5

Driver routes

Truck routes

Platoon length at each arc

Driver 1: Terminal-D1-D2-D3-D2-P1-P2-Terminal
Driver 2: Terminal-D4-P1-D4-D1-Terminal

Truck 1: Terminal-D1-Terminal
Truck 2: Terminal-D1-D2-P1-P2-Terminal

Truck 3: Terminal-D1-D2-D3-D2-P1-D4-D1-Terminal

Truck 4: Terminal-D4-D1-Terminal

Terminal-D1: 3
Terminal-D4: 1
D1-D2:2
D2-D3: 1
D3-D2: 1
D2-P1:2
P1-P2: 1
P2-Terminal: 1
D4-P1: 0
P1-D4:1
D4-D1:2
D1-Terminal: 3

Driver 1: Terminal-D1-D2-D3-D2-P1-P2-Terminal
Driver 2: Terminal-D4-P1-Terminal
Driver 3: Terminal-D1-Terminal

Truck 1: Terminal-D1-Terminal

Truck 2: Terminal-D1-D2-P1-P2-Terminal
Truck 3: Terminal-D1-D2-D3-D2-P1-Terminal
Truck 4: Terminal-D4-P1-Terminal

Truck 5: Terminal-D1-Terminal

Terminal-D1: 3
Terminal D4: 1
D1-D2:2
D2-D3: 1
D3-D2:1
D2-P1:2
P1-P2: 1
P2-Terminal: 1
D4-P1: 1
P1-D4: 2
P1-Terminal: 2
Terminal-D1: 1
D1-Terminal: 2
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Table 6. Comparisons results for the two different operation modes on LCDP instance

YPOM IPOM

atb Obj1 Dr Tr Fc Obj2 Dr Tr Fc Gap
242 254.41 1 3 4.41 254.41 1 3 4.41 0.00%
3+3 256.64 1 3 6.64 256.14 1 3 6.14 0.19%
2+4 208.56 1 3 8.56 208.01 1 2 8.01 0.26%
4+2 311.34 1 4 11.34 310.80 1 4 10.80 0.17%
4+4 361.71 1 5 12.70 311.93 1 4 11.93 13.76%
2+6 460.33 2 5 10.33 410.73 2 4 10.73 10.77%
6+2 515.27 2 6 15.27 512.38 2 6 12.38 0.56%
5+5 512.03 2 6 12.03 460.42 2 5 10.42 10.08%
2+8 567.28 2 7 17.28 514.39 2 6 14.39 9.32%
8+2 713.13 3 8 13.13 712.58 3 8 12.58 0.08%
4+6 512.83 3 6 12.83 413.99 2 4 13.99 19.27%
6+4 563.28 3 7 13.28 514.06 2 6 14.06 8.74%
10+10 1172.69 4 14 72.69 1,049.43 4 13 68.33 10.51%
30+30 3,758.94 18 34 258.94 2,970.02 12 31 220.02 20.99%
50+50 5,315.33 23 51 465.33 5,180.36 22 50 480.36 2.54%
100+100 11124.35 42 113 1274.35 10,269.27 38 107 1119.27 7.69%
200+200 26596.77 109 251 3446.77 25,834.83 101 246 3434.83 2.86%
Average 3129.70 13 31 332.70 2951.99 12 30 320.74 5.68%

Remark: Gap = (Obj' —Obj?) / Obj" -100%
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5.4 Sensitivity analysis

In this subsection, we will explore the impacts of several major influential factors, i.e.,
the labor cost, the maximum platoon size, and different types of available transport modes, on
the system performance in terms of the total operational cost (Tc), the number of employed
drivers (Dr), the number of deployed trucks (Tr) and the total fuel and travel cost (Fc), including
fuel consumption cost of trucks (Fc') and the travel cost incurred by corresponding alternative
transport mode ( Fc?). The sensitivity analysis will be carried out in the instance groups ‘5+5’,
‘15+15’, “30+30’, and ‘50+50°’. Kindly note that the proposed HCSA has proven to be robust
enough to deliver good-quality results as validated by Subsection 5.2 of this study. Therefore,

the conclusions obtained from the sensitivity analysis are reliable.
Impact of labor cost

To explore the impact of the labor cost on the system performance, we will compare

the solutions to the proposed problem under different labor costs by setting
4, €45,50,100,200} and the results are tabulated in Table 7. We also report the fuel

consumption cost of trucks (Fc') and the travel cost of the motorcycles (Fc?), as well as the
ratio of Fc?/Fc in Table 7. The variations of the number of employed drivers, the number of
deployed trucks, and the total fuel and travel cost against different labor costs are further
illustrated in Figure 8 for visualization. It can be seen from Table 7 and Figure that the increase
in the labor cost will reduce the number of employed drivers, but, at the same time, it will cause
the number of deployed trucks and the total fuel and travel cost to increase. Notably, by
factoring in the labor cost at the price of 200, the number of employed drivers can be reduced
by 20% (calculated by (12.5-10)/12.5), whereas the number of trucks and the total fuel cost
will increase by 11.41% (calculated by (26.3-23.3)/26.3) and 31.13% (calculated by (239.43-
164.89)/239.43) on average, respectively, when compared with the results for the model with
the labor cost set at 5. Nevertheless, it is also worthwhile to mention that the reduction in the
number of required drivers is limited. For example, for the ‘15+15” instance group (30
customers), the number of employed drivers remains unchanged when the labor cost increases
from 100 to 200. Similar examples can be found in other instance groups as well. This may be
attributed to the strict restriction imposed by Eq. (16), making some more cost-saving

employment plans or routing strategies unfeasible for the maximum platoon size constraint.

We dig deeper into the results of the fuel and travel costs in Table 8. It shows that the
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travel cost for motorcycles accounts for an increasingly larger part of the total fuel and travel

cost (reflected by an increasing value of Fc?/Fc) with the increase in the labor cost. This
suggests that a higher labor cost can facilitate the drivers to make efficient use of motorcycles

to serve as many customers as possible. It is also worthwhile to mention that the increase of

Fc? / Fc is not uniform with respect to the change of the labor cost. It shows no obvious
increase under small and large labor costs but a fast increase under a moderate labor cost. This
finding, on the one hand, indicates that the potential effect of the labor cost on promoting the
drivers’ use of motorcycles will not work much unless the labor cost becomes comparatively
large, in which case the high labor wage level will render the engagement of another driver
unfavorable. On the other hand, we should caution that there may exist a threshold beyond
which further increase in the labor cost would take little effect on the promotion of using
motorcycles since the use of motorcycles would make drivers spend more time on the routes
due to its comparatively lower travel speed, resulting in some more labor-saving routing and
scheduling plans infeasible in the maximum planning horizon constraint. We further depict the
changes of the average values of Fc?/Fc with respect to the customer size in Figure 9. We
find that the value of Fc?/Fc follows an upward trend with an increasing increment rate,
indicating that the change of labor cost can have a larger positive impact on the drivers’
decisions regarding the use of motorcycles in larger problem instances. In fact, customers are
distributed relatively more densely in larger-scale instances, and in this case, it is more
convenient and practicable for the drivers to frequently move among customers by motorcycles

with fewer detours than in smaller instances.
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Table 7. Effect of the labor cost on the system performance

A, =5 A4 =50 A =100 A, =200
at+b
Dr Tr Fc Tc Dr Tr Fc Tc Dr Tr Fc Tc Dr Tr Fc Tc
5+5 4 5 25.42 295.42 2 5 30.69 380.69 2 5 10.42 460.42 2 5 32.55 682.55
15+15 9 11 100.74 695.74 7 14 139.45 1,189.45 6 15 165.36 1,515.36 6 15  178.12 2,128.12
30+30 13 32 185.99 1,850.99 13 33 202.14 2,502.14 12 31 220.02  2,970.02 11 34 241.23 4,141.23

50+50 24 45 34744 2,717.44 22 46 371.25 3,771.25 22 50 48036 5,180.36 21 51 505.82 7,255.82
Average 12.5 233 164.89 1,389.89 11.00 24.5 185.88 1,960.88 10.50 253 224.11 2,536.61 10.0 263 23943 3,551.93

Table 8. Detailed solution results for the fuel and travel cost under different labor costs

4 =5 4, =50 2, =100 J, =200
at+b
Fc! Fc? Fe? / Fe Fc! Fc? Fe? / Fe Fc! Fc? Fc? / Fe Fc! Fc? Fe? / Fe
5+5 20.12 5.30 0.21 24.29 6.40 0.21 8.10 2.32 0.22 25.07 7.48 0.23
15+15 80.04 20.70 0.21 110.17 29.28 0.21 127.33 38.03 0.23 137.16 40.96 0.23
30+30 148.89 37.10 0.20 158.54 43.60 0.22 160.62 59.40 0.27 176.83 64.40 0.27
50+50 236.64 110.80 0.29 246.55 124.70 0.34 345.16 135.20 0.28 365.12 140.70 0.28
Average 121.42 43 .48 0.23 136.48 49 40 0.23 165.49 58.63 0.25 176.36 63.08 0.26
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Impact of maximum platoon size

To explore the impact of the maximum platoon size on the system performance, we will
compare the solutions to the proposed model under different maximum platoon sizes by setting
L={12,34,5,6} in Eq. (16). The results are summarized in Table 9. We also present the

detailed solution information related to the fuel and travel cost in Table 10. The variations of
the number of employed drivers, the number of deployed trucks, the total fuel and travel cost,
and the total operational cost with the increase of the maximum platoon size are further
visualized in Figure 10 (a), (b), (c) and (d), respectively.

Overall, it can be seen from Table 9, Table 10, and Figure 10 that the maximum platoon
size largely affects the system performance since distinctive indicator values are obtained under
different maximum platoon sizes. More specifically, the number of employed drivers decreases
with the increase of the maximum platoon size. Notably, on average the number of engaged
drivers under L =6 can be reduced by almost two-thirds of that under L =1. This aligns with
our expectation: the larger the maximum platoon size, the more the trucks can be operated
simultaneously in a platoon using one driver, and hence the fewer drivers are needed. In
addition, we also see that the number of deployed trucks, by and large, follows a downward
trend with the increase in L. Nevertheless, the reduction in the number of engaged drivers and
trucks causes the total fuel and travel costs to increase. For example, for the ‘50+50° instance
group (100 customers), the value of Fc almost doubles when the maximum platoon size
increases from 1 to 6. This can be explained by the fact that longer travel distances and larger
detours of trucks and motorcycles would be required when fewer drivers and trucks are
employed to serve the same number of customers. Moreover, as for the components of the total
fuel and travel cost, we can see from Table 10 that the travel cost incurred by motorcycles
accounts for an increasing proportion, i.e., from 0.06 to 0.25 on average, of the total fuel and
travel cost with the increase in platoon size. This result suggests that a larger allowable platoon
size could stimulate a driver to make the most of the motorcycles to serve as many customers
as possible in his/her own route. Fortunately, it is encouraging to find that the total operational
cost declines with the increase of the maximum platoon size in general. This may be attributed
to a higher possibility of finding better routing and scheduling plans for both drivers and trucks
due to the larger solution space under a larger platoon size. However, it is also worthwhile to
mention that lengthening the allowable platoon size will not always contribute much to the
overall performance in terms of labor/truck reduction and cost savings as the variations of the
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values of the four considered indicators are marginal for most instances when the maximum
platoon size exceeds 4, especially for small instances (‘5+5’ and ‘15+15’ instance groups). In
fact, given a certain number of customers and the composition ratio of the customer types, the
numbers of required drivers and trucks should be beyond their certain respective thresholds;
otherwise, the packing/unpacking requests of the customers may not be completed within the
maximum planning horizon. As a result, an overlong maximum platoon size would have

nothing to do with the operational efficiency improvement.
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Figure 10. Variations of four indicator values with the increase of the maximum platoon size
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Table 9. Effect of the maximum platoon size on the system performance

5+5 15+15 30+30 50+50
L Dr Tr Fc Tc Dr Tr Fc Tc Dr Tr Fc Tc Dr Tr Fc Tc
1 5 5 17.19  767.19 17 17  103.51 2,653.51 42 42 158.76 6,458.76 67 67 29488 10,344.88
2 3 5 20.73  570.73 9 15 109.65 1,759.65 17 33 154.07 3,504.07 27 59  278.59 5,928.59
3 2 5 20.88  470.88 7 15 112.23  1,562.23 14 33 167.72 3,217.72 24 55  326.55 5,476.55
4 2 5 21.78  471.78 6 15 13541 1,485.41 14 31 196.12 3,146.12 24 52 377.21 5,377.21
5 2 5 2772  477.72 6 15 144.12 1,494.12 12 32 20449 3,004.49 23 52 458.12 5,358.12
6 2 5 1042  460.42 6 15 16536 1,515.36 12 31 220.02 2,970.02 22 50 480.36  5,180.36
Table 10. Detailed solution results for the fuel and travel cost under different maximum platoon sizes
5+5 15+15 30+30 50+50 Average
L Fc' F¢  Fc*/Fc Fc' F¢>  Fc*/Fc Fc' F¢  Fc*/Fc Fc' F¢>  Fc*/Fc Fc? /Fe
1 17.19  0.00 0.00 101.14  2.37 0.02 140.52 18.24 0.11 263.66  31.22 0.10 0.06
2 17.08 3.65 0.18 98.23 11.42 0.10 122.18 31.89 0.21 210.18  68.41 0.25 0.19
3 16.00  4.88 0.23 9426 17.97 0.16 133.33  34.39 0.21 242.2 84.35 0.26 0.22
4 16.65 5.13 0.24 108.61 26.80 0.20 153.65 42.47 0.22 270.98 106.23 0.28 0.24
5 21.14 6.58 0.24 117.06 27.06 0.19 150.44  54.05 0.26 333.98 124.14 0.27 0.24
6 23.63 7.10 0.23 138.56 32.80 0.20 160.62 59.40 0.27 345.16  135.20 0.28 0.25
Table 11. Effect of the value of (v,c) on the system performance
(v,c) 5+5 15+15 30+30 50+50
Dr Tr Fc Tc Dr Tr Fc Tc Dr Tr Fc Tc Dr Tr Fc Tc
(35,0.5) 2 5 10.42  460.42 6 15 165.36 1515.36 12 31 220.02 2970.02 22 50 48036 5180.36
(30,0.2) 2 5 8.04  458.04 6 15 11696 1466.96 12 30 212.65 2912.65 22 50 435.04 5235.04
(65,1.5) 2 5 19.56  469.56 6 15 170.05 1520.05 12 31 305.68 3055.68 20 54 56437 5264.37
(80,10) 2 5 29.78 479.78 6 15 186.44 1536.44 11 32 433.82 3133.82 20 56 62649  5426.49
(0, o0) 2 6 12.03  512.03 8 17 12320 1773.20 18 34 258.94 3758.94 24 60 57479  5974.79
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Impact of the types of available transport modes

Another important factor that is believed to largely affect the system performance is the
type of available alternative transport modes that can be used by drivers. Therefore, we will
analyze the solution results to the proposed LCDP under four different available transport
modes featured by different combinations of two important property values, including average
travel speed v (measured by km/h) and wunit travel cost c¢ , by setting
(v,c) €{(35,0.5),(30,0.2),(65,1.5),(80,10)}, which will represent the motorcycle, bus, shared
electric vehicles, and taxi, respectively. Kindly note that we try to include a special case by

considering (0,00) to represent that no alternative transport modes can be used by drivers,

which can be seen as the operation mode considered in You et al. (2020). The outcomes under

different values of (v,c) are tabulated in Table 11.

As shown in Table 11, we observe that the use of alternative transport modes can reduce
the number of drivers and trucks needed to complete the same number of the customers’
drayage requests. Notably, the number of engaged drivers and the number of deployed trucks
can be reduced by 30.59% and 12.23% on average, respectively, when compared with the
results of the model under (0, <0) . This result aligns with our expectation that fewer drivers and
trucks will be needed for the LCDP under the IPOM since the use of alternative transport modes
enables drivers to conduct service tasks for other customers without waiting at the current
customer sites after dropping off their trucks, resulting in higher operational efficiency and
better utilization of resources. It is also worthwhile to note that such labor/truck saving benefits
vary little with different types of available transport modes as the variations of the values of
the two indicators, i.e., Dr and Tr, under different values of (v,c) are marginal for most
instances. This result indicates that any types of transport modes available for the drivers to
move among customers besides trucks would play a part in resource saving and cost reduction.
Furthermore, we find that the use of alternative transport modes can significantly reduce the
total operational cost by 19.29% on average when compared with that with (0,00), which
quantitatively validates the significant benefits of the use of alternative transport modes to

effectively reduce the total operational cost for the LCDP.

6. Conclusions

This study investigates a more general local container drayage problem under an

improved platooning operation mode, in which the trucks from different platoons can platoon
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together for fuel savings in the transportation process of containers, the drivers can move by
alternative transport modes besides trucks, and the sharing of empty trucks among customers
is allowed. To determine the optimal numbers, routes, and schedules of the drivers and trucks
that minimize the total operational cost, we developed a MILP model that can specifically
incorporate the operational characteristics of the proposed platooning mode. Due to the
structural complexity of the proposed model, a tailored heuristic construction method
incorporating simulated annealing was proposed to obtain good-quality solutions for the
underlying problem. Extensive numerical experiments were conducted to verify the
effectiveness and efficiency of the proposed model and solution method. We also demonstrated
the advantages of the improved platooning mode and explored the impacts of some major

influential factors on the system performance.

Future research work can be undertaken in several aspects. First, more efficient
heuristic algorithms are highly anticipated to realize the (real-time) planning for the large-scale
LCDP. Second, the proposed model can be extended from various aspects considering
stochastic parameters such as the request arrivals and travel speeds and more practical
constraints like limited resources and customers’ service time windows. Moreover, this study
assumes that each driver will undertake at most one route. It would be a very interesting idea
to allow drivers to perform multiple trips between terminal and customer locations. Last but
not least, more efficient drayage operation modes for the LCDP can be developed by
incorporating other emerging technologies, such as electric trucks, in which the recharging

strategies should be considered in the routing and scheduling process of the trucks in the future.
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Appendix: Notations

Indices and sets
N Set of nodes

A Set of arcs

G=(N,A) Graph with node set N and arc set A

C Set of tasks

Vv Set of drivers

K Set of trucks

I, ], 9 Indices for nodes

()] Index for arc

v Index for driver

k Index for truck

Known parameters

t; Time required to traverse arc (i, j) by truck

'[i'j Time required to traverse arc (i, j) by alternative transport modes
G, The incurred fuel consumption cost to traverse arc (i, j) by trucks
ci’j The incurred travel cost to traverse arc (i, J) by alternative transport modes
P The packing/unpacking time required by task node 1€ C,

L Maximum platoon size

T Maximum planning horizon

n Fuel reduction rate by platooning

A Daily fixed cost to employ a driver

4, Daily fixed cost to deploy a truck

Decision variables
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Binary variable indicating whether driver VeV serves nodes 1€ N and

j € N consecutively in a route

Binary variable indicating whether truck K € K traverses arc (i, j)

Binary variable indicating whether arc (i, j) is used to connect the (0, d ) pair

Binary variable indicating whether there is a truck that traverses arc (i, j)

The service beginning time of task node 1 € C
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