
Received December 9, 2021, accepted January 19, 2022, date of publication February 15, 2022, date of current version March 1, 2022.

Digital Object Identifier 10.1109/ACCESS.2022.3152062

A Simulated Annealing Algorithm for the Vehicle
Routing Problem With Parcel Lockers
VINCENT F. YU 1,2, HADI SUSANTO 1, PANCA JODIAWAN 1, TSAI-WEI HO3,
SHIH-WEI LIN 4,5,6, AND YU-TSUNG HUANG7
1Department of Industrial Management, National Taiwan University of Science and Technology, Taipei 106, Taiwan
2Center for Cyber-Physical Innovation, National Taiwan University of Science and Technology, Taipei 106, Taiwan
3Universal Global Scientific Industrial Company Ltd., Nantou 542, Taiwan
4Department of Information Management, Chang Gung University, Taoyuan 333, Taiwan
5Department of Industrial Engineering and Management, Ming Chi University of Technology, New Taipei City 243, Taiwan
6Department of Neurology, Linkou Chang Gung Memorial Hospital, Taoyuan 333, Taiwan
7Kerry TJ Logistics Company Ltd., Taipei 100, Taiwan

Corresponding author: Shih-Wei Lin (swlin@mail.cgu.edu.tw)

This work was supported in part by the Ministry of Science and Technology, Taiwan, under Grant MOST106-2410-H-011-002-MY3; and
in part by the Center for Cyber-Physical System Innovation from the Featured Areas Research Center Program within the Framework of
the Higher Education Sprout Project by the Ministry of Education (MOE), Taiwan. The work of Shih-Wei Lin was supported in part by the
Ministry of Science and Technology, Taiwan, under Grant MOST109-2410-H-182-009MY3; and in part by Chang Gung Memorial
Hospital under Grant BMRPA19.

ABSTRACT Due to the growth in e-commerce, city logistics needs to cope with the rise of customers’
demand. Consequently, it adds to the complexity of the last-mile delivery process. Moreover, this process
often contributes significantly to the distribution cost of companies. An alternative to alleviate the problem
is the utilization of parcel lockers. It allows the delivery to be extended not only for home delivery but
also for locker delivery, which brings several advantages in terms of cost-saving. However, considering
multiple delivery optionsmeans adding new complexity to the delivery system. In the previous works, vehicle
routing problem with time windows (VRPTW) has been widely dealt by only considering home delivery.
This research proposes a new VRPTW variant by adding locker delivery as one of the delivery options. The
developed problem is called the vehicle routing problem with parcel lockers (VRPPL). The goal of VRPPL
is to minimize the total traveling cost. In this research, we formulate a new mathematical programming
model and develop a simulated annealing (SA) algorithm to deal with VRPPL. A newly generated set
of instances was developed from the well-known Solomon’s VRPTW instances. The performance of the
proposed algorithm is also presented.

INDEX TERMS Vehicle routing problem, simulated annealing, timewindow, parcel locker, delivery options.

I. INTRODUCTION
Technology advancement has driven global e-commerce
to experience an unexpected fast growth rate. Global
e-commerce sales revenue is predicted to grow from
$1.86 trillion in 2016 to $4.48 trillion in 2021 [1]. This
phenomenon brings advantages, e.g., higher revenue, to e-
commerce industries. Nevertheless, the industries also face
new challenges to perform the last-mile delivery to their cus-
tomer’s destination, which possibly causes several negative
impacts, i.e., increasing traffic densities, air pollution, and
inefficient deliveries due to spatially distributed customers’
locations and failed delivery. Moreover, the delivery cost

The associate editor coordinating the review of this manuscript and
approving it for publication was Baozhen Yao.

increases to 28% of the total expenses if the customers
have not received the goods successfully [2]. Consequently,
to respond to the challenges, the e-commerce industries need
to plan delivery strategies that reduce the negative impacts
and maintain customer satisfaction.

Various emerging technologies are adopted to increase
delivery efficiencies, such as electric vehicles, drop boxes,
cargo bikes, product distribution by drone, crowdshipping,
autonomous vehicles, and parcel lockers [3]. Parcel lockers
are a promising alternative to overcome the issue since it
offers flexibility in collection hours, security, convenience,
and savings. Instead of delivering the packages directly to the
customer, which is the primary cause of the aforementioned
negative impacts, parcel lockers serve as facilities fromwhere
customers can pick up their packages. By utilizing parcel
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lockers, delivery efficiency can be improved since it reduces
the transportation cost by simultaneously placing several
packages in a selected parcel locker [4].

The parcel lockers system has been implemented in more
than twenty countries, including the UK, Asia, the US,
Europe, and Canada. In US, Amazon has developed a new
system, namely, Amazon lockers and Amazon the Hub [5].
In Japan, a similar system is called Lotte BOX. Likewise,
the world’s most widely distributed and largest parcel locker
system is InPost parcel lockers. It has approximately 4,000
stations in 20 countries worldwide.

The utilization of parcel lockers has also gained the
interest of the research community. Deutsch and Golany [4]
addressed designing a parcel locker network problem, aiming
to optimally choose the number, locations, and sizes of
parcel locker facilities. The primary objective of this issue
is to maximize the total profit from the revenue obtained
from customers who use the service minus the fixed and
operational costs of the selected facilities. The problem is
modeled by binary integer linear programming and was
solved by translating it into a well-known uncapacitated
facility location problem. Bengtsson and Vikingson [6]
conducted an experimental study to examine the effect of
parcel locker delivery based on the perspective of customers.

In the perspective of logistics planning, harnessing the
parcel lockers system brings a new complexity. Previously,
the couriers only needed to serve each customer within
their time windows, and hence the sequence of customer
visits used to be the only consideration. This problem is
formally described as the vehicle routing problem with time
windows (VRPTW). By integrating parcel lockers, several
new considerations must be included, i.e., which customers
need to be assigned to parcel lockers and how to distribute
packages into the parcel lockers. Therefore, in this study,
we evaluate a new logistics problem called the vehicle routing
problemwith parcel lockers (VRPPL). The VRPPL considers
three types of customers. First, customers who require the
delivery at their home location. Second, the customers who
select parcel lockers. Third, customers who are willing to
receive the packages either at their homes or at particular
parcel lockers. VRPPL also considers the capacity of the
parcel locker, time windows of each customer, and vehicle’s
capacity. The objective of VRPPL is to minimize the total
travelled distance.

During the pandemic, when the interaction between
humans is limited due to social distancing, addressing the
VRPPL will make a significant contribution because the
delivery system allows consumers to place order(s) and
receive goods without interacting with sellers and couriers.
This condition can be achieved when parcel lockers are
integrated into the delivery system.

Since no previous work has ever dealt with this problem,
a new mathematical programming model was developed in
this work, inspired by the mathematical model of VRPTW.
The model is built as a three-index vehicle flow formulation,
wherein, SA is selected for solving the VRPPL. SA is a

frequently used algorithm to solve combinatorial problems,
particularly VRP classes. In many cases, it shows a competi-
tive performance compared to other metaheuristics [7], [8].

The contribution of the work is then two-fold. First,
a new mixed-integer non-linear programming is proposed to
describe the problem. AMPL with Gurobi solver was utilized
to solve the developed mathematical model. Second, due to
the complex nature of the problem, a metaheuristic - SA
algorithm - was developed to solve the problem efficiently.

This paper consists of six sections. The following section
includes a review of the relevant literature. In section 3,
we introduce the mathematical model of VRPPL. The
detail of the SA algorithm is described in section 4. Next,
section 5 presents the explanation of benchmark instances,
experimental setup, results, and analysis. It includes the
comparison between Gurobi output and SA output to show
the efficiency of the proposed algorithm. Finally, notable
findings and insight from the research are summarized in
section 6.

II. LITERATURE REVIEW
Due to the fast expansion of the e-commerce market,
research on the utilization of parcel lockers has emerged as a
trend. From the company perspective, distributing packages
to parcel lockers is more convenient than other methods.
It could save 55-66% of transportation costs compared to the
conventional system [4]. Although the business-to-consumer
model is proliferating, especially for home deliveries, their
operational cost to handle mass orders becomes quite expen-
sive. Parcel lockers provide more advantages in flexibility,
security, and efficiency than regular home delivery [4].

Recently, the integration of parcel lockers in the vehicle
routing problem (VRP) was investigated Zhou, et al. [9]
addressed a multi-depot two-echelon vehicle routing problem
with delivery options. The problem involves routing decisions
in a two-level distribution network, where the first level
considers the routing between the depots and the satellites,
and the second level considers the routing between the
satellites to the customers. The customers, in this case, maybe
the ones who require delivery at their home, or at a selected
pickup location where they can pick up the item, or those
who are willing to receive the delivery either at home or
at a particular pickup location. The main limitation of the
model by Zhou, et al. [9] is that each customer is available
all the time for the delivery. However, in the real world, each
customer may have his/ her preferred time window.

Sitek et al. [10] introduced the capacitated vehicle routing
problem with pick-up and alternative delivery (CVRPPAD)
to minimize the distances traveled by vehicles and the
penalty for delivering items to alternative pick-up points.
Tilk et al. [11] investigated the vehicle routing problem with
delivery options (VRPDO) and presented a branch-and-price-
and-cut algorithm to solve the problem. In the problem,
customers can individually prioritize their delivery options
beforehand. Each delivery option defined by the customer has
its own time window. The goal of VRPDO is to minimize the
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total cost of serving all customers by one of their delivery
options.

Enthoven et al. [12] introduced the two-echelon vehicle
routing problem with covering options (2E-VRP-CO) to
minimize operational costs. In this research, goods are
shipped from a central depot to intermediate locations in the
first echelon. There are two ways of serving customers. First,
the goods are shipped to covering locations and customers
need to pick up the goods by themselves. Second, city
freighters originating from satellites deliver the goods to
customers’ locations.

The VRP is an evergreen research field, which was first
mentioned by Dantzig [13]. In VRP, there are several nodes
representing customers that have a non-negative demand and
therefore need to be served by a vehicle. Several vehicles
are available at a depot, and each vehicle has a capacity,
which determines the maximum demand that can be loaded
in the vehicle. The objective of VRP is to minimize the
total travel distance of utilized vehicles. Solomon extended
VRP by considering the time-windows constraint, known as
the VRPTW [14]. He generated benchmark instances for
VRPTW, known as ‘‘Solomon’s Instances.’’ The VRPTW as
a constrained problem is included in the category of NP-hard
problems. Intensive research has focused on developing
different approaches for solving the problem and its variants
over the past years, such as exact approaches [15], heuristic
approaches [16], and metaheuristics [17] to solve this type of
problem.

The exact approaches, such asmathematical programming,
may not be able to deal with large-scale instances because
the required runtime rises exponentially as the nodes
increase [18]. This issue can be solved by the means
of heuristics. The heuristic approaches applied to VRP
are categorized into route-constructing and route-improving
heuristics [19]. A route-constructing heuristic mainly aims to
produce a feasible solution by iteratively inserting a customer
into a route based on several cost minimization criteria while
considering the problem constraints [20]. A route-improving
heuristic seeks to improve the solution [15], [17], [21].
To overcome the tendency of being trapped in local optimum
solutions, metaheuristic methods are widely adopted.

The metaheuristic approach proposed for solving the
VRP includes single-solution-based, population-based, and
hybrid metaheuristics. Single-solution metaheuristics focus
on modifying a single candidate solution such as SA [22],
tabu search [23], and variable neighborhood search [24].
Population-basedmetaheuristics deal withmultiple candidate
solutions. Some variants are listed but not limited to particle
swarm optimization (PSO) [18], genetic algorithm (GA) [25],
ant colony optimization [26], memetic algorithm [27], and
harmony search [28]. The hybrid metaheuristic is a result
of the combination of different metaheuristics, integrating
a local search procedure, or exact algorithms [29]. Several
researchers have developed the hybridization of metaheuris-
tics such as a GA-hybrid [30], Iterated Local Search-
hybrid [31], GA-PSO [32], and hybrid-PSO [33].

This research proposes a SA heuristic for VRPPL. SA is a
metaheuristic aiming to approximate global optimization in
an extensive search area for an optimization problem [34].
The concept of SA was primarily present by Metropolis
in 1953, when it was first used to solve the combinatorial
optimization problem. Until now, several studies have applied
SA in various types of routing problems and scheduling
problems, such as traveling salesman problem [35], logistic
resource planning [34], allocation problem [36], job rotation
scheduling problem [37], pickup and delivery problem [38],
and many more. So, it has been successfully applied
to various highly complicated combinatorial optimization
problems and a wide variety of real case problems.

III. MATHEMATICAL PROGRAMMING MODEL
VRPPL is an extension of VRPTW. The main characteristic
of VRPPL that differentiates it from VRPTW is that it
considers three types of customers to be served. A type-1
customer, i.e., home delivery customer (HC), is defined as a
customer whose package must be delivered to the customer’s
home within the predetermined time window. This type of
delivery commonly occurs in VRPTW. A type-2 customer,
i.e., locker delivery customer (LC), is defined as a customer
whose package needs to be delivered to a parcel locker
station. Each type-2 customer has determined a parcel locker
based on his/ her preference. The vehicle which carries the
package of a customer of this type will deliver the package
to the designated parcel locker, and the customer picks up
the package from there. A type-3 customer, i.e., home or
locker delivery customer (HLC), is one whose package could
be delivered either to the customer’s home within the time
window or a parcel locker station determined by the customer
beforehand.

In this research, each customer whose package is delivered
to his/ her home is to be visited exactly once in the planning
period. Each available parcel locker in the problem could
be visited by more than one vehicle and possibly more than
once for each vehicle. All utilized vehicles begin to serve
customers from a depot and end the journey at the depot.

The VRPPL is represented as an undirected network. Let
G = (N ,A) be an undirected network, where N = N0 ∪

NHC ∪ NLC ∪ NHLC ∪ NPL is the set of nodes and A is
the set of edges connecting each pair of nodes in N . Each
edge (i, j) ∈ A as a traveling cost cij and a traveling time
tij. N0 = {0} represents the depot. The set of all customers
is NC = NHC ∪ NLC ∪ NHLC , where NHC represents the
set of type-1 customers, NLC represents the set of type-2
customers, and NHLC represents the set of type-3 customers.
Each customer i has a non-negative demand di, ∀i ∈ NC . NPL
is the set of parcel locker stations, ξj(j ∈ NPL) represents
the capacity of a parcel locker station, i.e. the number of
customers that can be served by the parcel locker station.
NCPL = NC ∪ NPL is the set containing all customers and
parcel locker stations. Each node i inNCPL has a time window
[ai, bi] and a service time si. The selection of parcel locker by
a customer is done beforehand. Thus, `ij (i ∈ NC , j ∈ NPL) is
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defined as a binary parameter for modeling the selection of
parcel locker. If customer i chooses to pick up the package
at parcel locker j, then `ij (i ∈ NC , j ∈ NPL) is 1, otherwise,
it equals 0. K is the set of vehicles with a homogeneous
capacity Q.

This model has several decision variables. Some of them
are binary variables. xijk = 1 if vehicle k(k ∈ K ) travels from
node i(i ∈ N ) to j(j ∈ N ). hi = 1 if the demand of customer
i(i ∈ NC ) is delivered to his/her home. li = 1 if the demand
of customer i(i ∈ NC ) is delivered to a parcel locker. yij =
1 if the demand of customer i(i ∈ NC ) is assigned to parcel
locker station j(j ∈ NPL). The remaining decision variables
are defined as continuous variables. µik is the time vehicle
k(k ∈ K ) starts to service customer i(i ∈ NCPL). ∂k is the time
vehicle k(k ∈ K ) leaves the depot. νk is the time vehicle k(k ∈
K ) visits the last customer. ψjk is the number of packages
delivered to parcel locker station j(j ∈ NPL) by vehicle k(k ∈
K ). M is an arbitrary big number.

The problem formulation is as follows.
Minimize

Z =
∑
k∈K

∑
i∈N

∑
j∈N

cijxijk (1)

Subject to:∑
k∈K

∑
j∈N

xijk = 1, ∀i ∈ NHC (2)

∑
k∈K

∑
j∈N

xijk ≤ hi, ∀i ∈ NHLC (3)

∑
k∈K

∑
j∈N

xijk = 0, ∀i ∈ NLC (4)

∑
j∈NC

x0jk ≤ 1, ∀k ∈ K (5)

∑
i∈N
i6=j

xijk −
∑
i∈N
j6=i

xjik = 0, ∀k ∈ K , j ∈ N (6)

∑
i∈NC

xi0k ≤ 1, ∀k ∈ K (7)

∑
i∈N

∑
j∈NC
i6=j

djxijk +
∑
p∈N

∑
m∈NPL
p6=m

ψmkxpmk ≤ Q, ∀k ∈ K (8)

∂k + t0i − µik ≤ M (1− x0ik ), ∀k ∈ K , i ∈ NCPL (9)

µik + si + tij − µjk ≤ M (1− xijk ), ∀k ∈ K ,

i ∈ NCPL , j ∈ NCPL (10)

µik − νk ≤ M (1− xi0k ), ∀k ∈ K , i ∈ NCPL (11)

ai × hi ≤
∑
k∈K

µik × hi ≤ bi × hi, ∀k ∈ K , i ∈ NC (12)

hi + li = 1, ∀i ∈ NC (13)

hi = 1, ∀i ∈ NHC (14)

li = 1, ∀i ∈ NLC (15)∑
j∈NPL

yij = li, ∀i ∈ NC (16)

yij ≤ `ij, ∀i ∈ NC , j ∈ NPL (17)

∑
k∈K

ψjk =
∑

i∈NLC∪NHLC

yij × di, ∀j ∈ NPL (18)

∑
i∈NC

yij ≤ ξj, ∀j ∈ NPL (19)

∑
i∈N

xijk ×M ≥ ψjk , ∀j ∈ NPL , k ∈ K (20)

∑
k∈K

∑
i∈N

xijk ≥ hj, ∀j ∈ NC (21)

xiik ≥ 0, ∀i ∈ N , k ∈ K (22)

yik ≥ 0, ∀i ∈ N , k ∈ K (23)

hi ∈ {0, 1}, ∀i ∈ NC (24)

li ∈ {0, 1}, ∀i ∈ NC (25)

yij ∈ {0, 1}, ∀i ∈ NC , j ∈ NPL (26)

ψjk ≥ 0, ∀j ∈ NPL , k ∈ K (27)

µik > 0, ∀i ∈ N , k ∈ K (28)

∂k ≥ 0, ∀k ∈ K (29)

νk ≥ 0, ∀k ∈ K (30)

The objective function of VRPPL (1) is to minimize the
total distance traveled by all vehicles. Constraints (2) to (4)
define customer deliveries based on their delivery options. If a
customer belongs to home delivery, a vehicle needs to visit
the customer node. If a customer belongs to locker delivery,
a vehicle must not visit the customer node. If a customer
belongs to home and locker delivery, a vehicle could either
visit the customer or not. Constraints (5) to (7) ensure the
flow balance through the network.

Constraints (8) guarantee that a vehicle’s total load does
not exceed the vehicle’s capacity. The total load is defined by
the packages delivered to the customers’ home location and
the selected parcel lockers. Constraints (9) to (11) track the
arrival time at the visited nodes. Constraints (12) ensure that
it has to be delivered within the predefined time windows if
a delivery belongs to home delivery. Constraints (13) – (15)
guarantee that each customer’s delivery is either home
delivery or locker delivery. Constraints (16) ensure that
if the locker delivery option is assigned to a particular
customer, a delivery to any available parcel locker stations
should be made by any vehicle to fulfill the customer’s
demand. Constraints (17) ensure that the selection of
parcel locker stations for a locker delivery is based on
the customer’s preferences. Constraints (18) guarantee that
the total load assigned to a parcel locker equals the total
demand of each customer assigned to the parcel locker.
Constraints (19) define the capacity of a parcel locker.
Constraints (20) guarantee that a parcel locker station
assigned to customers’ demands should be visited by a
vehicle. Constraints (21) ensure that a customer’s location
needs to be visited if the chosen delivery option is home
delivery. Constraints (22) to (30) define the range of
variables.
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FIGURE 1. An example of solution representation.

IV. SIMULATED ANNEALING FOR VRPPL
Section 4 explains the solution representation of the problem,
the initial solution, the neighborhood moves, and the
developed SA algorithm.

VRPPL is a special case of VRP, and VRP itself is
an NP-hard problem [39], therefore, VRPPL is also an
NP-hard problem. We considered using SA because the
algorithm is one of the promising alternatives to deal with
this class of problems and has proven to furnish good results
for various types of VRPs, including capacitated vehicle
routing problem [40], VRPTW[41], hybrid vehicle routing
problem (hybrid-VRP) [8], time-dependent vehicle routing
problem [42], green vehicle routing problem [43], and VRP
with pickup delivery, providing evidence that SA can provide
comparable results.

SA algorithm operates by following a physics process,
of cooling or annealing. Annealing is the process of produc-
ing better-aligned metal with low energy-state crystallization
by slowing the cooling down temperature process [34].
The optimization procedure of SA searches for a (near)
global minimum, imitating the slow cooling process in the
physical annealing process. The procedure starts with an
initial solution. At each iteration, a new solution is taken from
the predefined neighborhoods of the current solution. This
objective function value of the new solution is compared with
the current best solution to evaluate whether an improvement
has been achieved. If the new solution’s objective function
value is better (smaller) in minimization, the new solution
becomes the current solution. The search continues by
processing with a new iteration referred to the new solution.
A new solution that is worse with a degraded (larger)
objective function value may also be accepted as the new
current solution. This computational purpose is not to restrict
the search to those solutions that decrease the objective
function value and allow moves that increase the objective
function value. This mechanism will avoid the solution of
getting stuck in the local optimum [34].

A. SOLUTION REPRESENTATION
A two-dimensional array describes a solution of VRPPL.
Specifically, the array has two rows where a permutation of n
customers (1, 2, . . . n) is placed in the first row and the chosen
delivery option of each customer is placed in the second row.
At the beginning and the end of the first row, 0 value is placed,
representing a depot instance. The second row consists of
customer nodes and parcel locker nodes. If a customer node
located in a particular index of the first row is assigned to

home delivery, the customer node itself is placed in the related
cell of the second row. Otherwise, a selected parcel locker is
placed in the second row. Figure 1 represents a solution from
a C101 instance with 25 customers.

The objective value is calculated based on the second row
of the solution representation representing the vehicle’s actual
visited nodes. The second row of a solution representation
is built by using the following rule. If a customer currently
being evaluated is a home-delivery type, the vehicle needs
to visit the customer’s location. If the customer belongs to
the LC, the vehicle selects the nearest feasible parcel locker
station to visit. If the customer belongs to home or locker-
delivery type, a parameter p is utilized to determine whether
the customer is served at his/ her home or assigned to a parcel
locker. The p is a constant parameter and ranges from 0 to 1.
In this case, a random number between 0 and 1 is generated.
If the generated value is between 0 and p, the customer is
served at his/her home. Otherwise, the customer is assigned
to the selected parcel locker and the way of selecting the
parcel locker station is the same with the type-2 customers.
In this way, the algorithm explores a wider solution space
by allowing random selection of a delivery option for type-
3 customers. This mechanism provides a higher probability
of achieving good results for VRPPL.

An infeasible solution is not permitted in this algorithm.
In the case of time windows and/or capacity violation while
visiting a node, the current vehicle needs to return to the depot
without visiting the node. A new vehicle is assigned to visit
the node and the succeeding nodes based on the provided
sequence in the first row of solution representation. If the total
number of utilized vehicles exceeds the maximum number
of vehicles, the solution is deemed as an infeasible solution,
and its objective value is set to a considerably significant
number.

Figure 2 describes solution representation. As depicted in
Figure 2, three routes are needed to fulfill the demand of
all customers. The first route starts from customer 20 and
then parcel locker with an index of 27 and finally visits
customer 21 before returning to the depot. The real first route
is obtained from the second row of the solution representation
example; Figure 1. 27 presents a selected parcel locker
station where the demand of several customers (8, 6, 25, 3,
23, 22, 24, 10, 4, 1, and 5) is assigned. The second route
contains customers 7, 15, and 11. All three nodes belong to
customer nodes, indicating that all deliveries made by the
second vehicle are home deliveries. The third route consists
of customers 13, 19, 16, and 12, sequentially. Finally, a parcel
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FIGURE 2. An illustration of solution representation.

FIGURE 3. An example of neighborhood solutions.

locker with an index of 26 is visited before returning to
the depot. The assigned customers to the parcel locker are
customers 14, 17, 18, 9, and 2.

B. THE INITIAL SOLUTION
The procedure for building an initial solution consists of two
steps. First, all the customers are listed in an ascending order
based on their indexes. Each customer in the list is assigned
to a particular delivery based on the type of customer. If a
customer belongs to the home-delivery type, the customer
is assigned to home delivery. If a customer belongs to the
locker-delivery type, the customer is assigned to the selected
parcel locker station. If a customer belongs to the home and
locker-delivery type, the customer is also assigned to the
selected parcel locker station.

After the first step is done, the nearest neighborhood algo-
rithm is then performed. The nearest algorithm then selects
the closest node according to the currently visited node
among the unassigned nodes. This algorithm is terminated if
all customer nodes have been assigned.

C. NEIGHBORHOOD MOVES
To find a solution with a better objective value, we employ
three neighborhood moves and apply them to the first row of
the solution representation: (1) swap, (2) insertion, and (3)
inversion. The currently evaluated solution is designated as
X and N (X) is the set of its neighborhood solutions. A new

solution Y is chosen from N (X) at each iteration by using
one of the three moves, as mentioned above. The swap move
exchanges two randomly chosen nodes in X . The insertion
move selects two nodes randomly and then removes one of
the nodes and inserts it to another selected node position. The
inversion move randomly selects two nodes and reverses
the sequence between them (including the chosen two
nodes). Figure 3 illustrates the results after applying each of
the moves.

D. SIMULATED ANNEALING PROCEDURE
The SA is performed after an initial solution is created.
In the beginning, the current temperature T is set to the
initial temperature, T0. The two types of iterations in SA
are inner and outer iterations. The inner iteration focuses
on finding the new solution based on the current solution
utilizing neighborhood moves. In contrast, the outer iteration
exists to control the temperature of SA. Two types of solutions
are kept during the iterations of SA, including σcurrent which
represents the current solution and σbest which represents the
best-found solution. Initially, σcurrent is obtained from the
initial solution and σbest is set to σcurrent . A new solution
σnew, is generated from one of the three neighborhood moves
explained in Section IV.C. The selection of a move is based
on the randomly generated value, r1, ranging from 0 to 1.
If r1 is less than 1/3, the swap is selected. If r1 is between
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FIGURE 4. The pseudocode of the proposed SA.

1/3 and 2/3, the insertion is selected, otherwise, the inversion
is chosen.

After σnew is generated, the objective value of σnew is
calculated. Let f (σ ) represent the objective value of a
solution σ . To determine whether the σnew is accepted as the
new σcurrent , a comparison between f (σnew) and f (σcurrent)
is necessary. Consequently, 1 is defined as f (σnew) −
f (σcurrent). Since the objective of VRPPL is to minimize
the traveled distance, σnew is indeed accepted when it has
a lower objective value which means 1 < 0. Moreover,
if f (σnew) < f (σbest), σnew is accepted as new σbest . If σnew
results in a higher objective value, it is not directly be rejected.
A random value, r2, with a range from 0 to 1 is generated.
The new neighborhood solution is accepted with a probability
e−(1/βT ), where β is Boltzmann constant. If r2 < e−(1/βT ),
σnew is accepted as a new σcurrent . Otherwise, σnew is rejected.

After an inner iteration cycle is completed, T is reduced by
multiplying with a constant α. Before another inner iteration
cycle starts, it is necessary to check whether the termination
condition has been met. The termination of the SA procedure
depends on the defined final temperature, Tf , and the defined
number of non-improving iteration, N . If either of these two
criteria is reached, the SA is terminated. Otherwise, a new
inner iteration cycle is performed. The pseudocode of the
proposed SA is shown in Figure 4.

V. EXPERIMENTAL RESULTS AND DISCUSSION
The proposed SA algorithm was implemented in C++. The
experiments were conducted on a computer with an Intel
Core 3.40 GHz CPU. The mathematical programming model
for VRPPL was solved using a Gurobi solver on the same
machine.
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TABLE 1. Tested parameters value for SA using OFAT experiment.

A. TEST INSTANCES
To assess the performance of the proposed SA algorithm,
we randomly generated a set of VRPPL instances based on
Solomon’s benchmark problems [14]. We generated small,
medium, and large datasets. Each dataset contains 56 testing
instances. The original problem contains various types of
information, i.e., number of available vehicles, number of
depots and customers, the coordinates, the time window, and
service time of each node.

Several modifications are applied to the original instance.
First, each customer is assigned as the type-1, type-2, or
type-3 customer.We randomly assign each customer to one of
these three options with 1/3 probability of each. The number
of parcel lockers is the number of customers divided by 20
and the obtained value is rounded up to the nearest integer.
The locations of parcel lockers are randomly generated
integer numbers derived from a range between the smallest
and the largest value of x- and y-coordinates of all customer
nodes. The time window of each parcel locker station is set
the same as that of the depot. The service time is set to
half of the customer’s service time. The type-2 and type-3
customers are assumed to choose the nearest parcel locker
station. The test instances for VRPPL can be downloaded
from http://web.ntust.edu.tw/∼vincent/vrppl.

B. TUNING PARAMETER
Weutilize 2£ factorial design to select the best combination of
SA parameters. The selected testing instances include C101,
C201, R101, R201, RC101, and RC201. To execute the 2£

factorial design, we determine each SA parameter’s upper and
lower bound values using a pilot experiment. One Factor at
A Time (OFAT) was then chosen as the experiment method
for performing the pilot experiment. Five replications are
utilized for each combination of OFAT. Table 1 presents the
tested values of each SA parameter in the pilot experiment.
The bold-type values are the selected upper and lower bound
values of each SA parameter.

After conducting the pilot experiment, the 2£ factorial
design, where £= 6 factors, is performed using the selected
upper and lower-bound values. In total, there are 64 tested
combinations. The best parameter combination selection is
based on the lowest average objective value obtained from
solving selected testing instances. By using this selection
criterion, we obtained Iiter = 1000L, T0 = 30, Tf = 0.05,
α = 0.99, Nnon−improving = 100, and β = 1.

We also perform an experiment to determine the value of
parameter p. The candidate values of parameter p are 0.1, 0.3,
0.5, 0.7, and 0.9. We choose the value for parameter p which
has the smallest average gap to the minimum objective values
obtained in the experiments. Based on Table 2, for instances
with 25 customers, the chosen p parameter value is 0.5. For
instances with 50 customers, the p parameter value is 0.3,
and lastly for instances with 100 customers, the p parameter
value is 0.1.

C. COMPUTATIONAL RESULTS
In this section, we present the performance evaluation of our
proposed SA in solving both VRPTW and VRPPL instances.
In particular, we compare the result obtained by SA with
those by Zhang et al. [44] and Moradi et al. [19] in solving
the VRPTW instances. Since VRPPL is a new problem that
has never been dealt with in any previous work, the results
obtained by SA are compared with the results obtained by the
Gurobi solver on the samemachine, which is used to solve the
mathematical model of VRPPL. These types of comparisons
have been widely adopted in the VRP domain [8], [34], [40].

1) FIRST DATASET – VRPTW DATASET
The proposed SA is tested on the original VRPTW bench-
mark instances. Two datasets, small and large, are mainly
tested, consisting of 25 customer nodes and 100 customer
nodes. The parameters employed by the SA were obtained
from the parameter tuning process explained in section 5.B
and five replications were performed for evaluation. The
results are summarized in Tables 3 and 4.

We compared the results obtained by our developed SA
with the optimal solutions provided in http://web.cba.neu.edu/
∼msolomon/problems.htm for small datasets. In Table 3, the
best-known solution (BKS) represents optimal solutions for
C1-25, C2-25, R1-25, R2-25, RC1-25, and RC2-25 datasets.
Two types of measurement are collected from the results of
the SA, i.e., the averaged mean solutions (avg. mean) and the
averaged best solutions (Avg. Best). The avg. mean solution
shows the grand average of total distance values over all
replications of all instances for a particular dataset while avg.
best only takes the average of the best-obtained total distance
value. Based on Table 3, the SA obtains all optimal solutions
for the C2-25 dataset. For the other datasets, i.e., C1-25,
R1-25, R2-25, R2-25, and RC1-25, the average gap values
are less than 0.26%. The largest gap is 0.76%, resulted from
solving instances in the RC2-25 dataset.
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TABLE 2. Experimental results of determining parameter p.

For large datasets of VRPTW, the comparison of the
results is presented in Table 4. In this table, the BKS
column represents the best solutions among solutions pro-
vided in http://web.cba.neu.edu/∼msolomon/heuristi.htm, by
Zhang et al. [44], and Moradi et al. [19]. Columns
representing Zhang et al[44] and Moradi et al. [19] contain
the average of the best solutions. The performance of SA is
measured in terms of gap percentage which is defined by the
following formula:

Gapa(%) =
SA’s Avg.Best-BKS

BKS
× 100%

Gapb(%) =
SA’s Avg.Best-Avg.Best in Zhang et.al. [41]

Avg.Best in Zhang et.al. [41]
×100%

Gapc(%) =
SA’s Avg.Best-Avg.Best in Moradi et.al. [16]

Avg.Best in Moradi et.al. [16]
×100%

Based on Table 4, the smallest gap between the SA’s average
values of best solutions and the BKS is obtained from
solving the C2-100 dataset, i.e., 0.11%, while the largest
gap reaches 4.29% from solving R1-100 dataset. The SA
can improve the results of state-of-the-art algorithms in
R2-100 with an average gap of 0.34%. In more detail, the
proposed SA could outperform that by Zhang et al. [44]
in three instance sets, i.e., C2-100, R2-100, and RC1-100
with the largest gap of -0.78%. However, the algorithm
by Zhang et al. [44] outperformed the proposed SA for
the remaining three instance sets with the largest gap of
0.66%. On average, the SA outperformed the solution from
Zhang et al. [89] by 0.07%. The proposed SA outperforms
the solution from Moradi et al [19] in three instance sets,
i.e., R2-100, RC1-100, and RC2-100 with the largest gap of
7.87%, while the algorithm byMoradi et al. [19] outperforms
SA with the largest gap of 4.29% for solving the R1-100
dataset. The reported results in Table 4 show that the proposed
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TABLE 3. Averaged results of small datasets of VRPTW.

TABLE 4. Averaged results of large datasets of VRPTW.

SA results in comparable solutions with the state-of-the-art
algorithms.

2) SECOND DATASET – VRPPL DATASET
VRPPL has never been studied in earlier. Therefore, the
Gurobi solver is utilized to obtain solutions from solving the
testing instances and the obtained results are compared with

results obtained by the proposed SA. The performance of SA
is measured in terms of gap percentage which is defined by
the following formula:

Gap(%)

=
SA’s best objective value-Gurobi’s objective value

Gurobi’s objective value
×100%

VOLUME 10, 2022 20773



V. F. Yu et al.: Simulated Annealing Algorithm for Vehicle Routing Problem With Parcel Lockers

TABLE 5. Result of small datasets of VRPPL.
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TABLE 5. (Continued.) Result of small datasets of VRPPL.

The solver was terminated after 5 hours or when it has found
an optimal solution. Tables 5, 6, and 7 present the results for
small, medium, and large datasets of VRPPL comprising of
25, 50, and 100 customer nodes, consecutively. Among the
instances of a small dataset, Gurobi could only provide 10
optimal solutions successfully obtained by the developed SA.
The proposed SA improves the results of Gurobi for instances
in small datasets with the largest improvement of 20.43%
for RC103. SA on average improved the Gurobi’s results by
1.90%.

For the medium dataset, the proposed SA improves
Gurobi’s results with the largest improvement of 39.22% for
C204. Based on Table 6, the SA improves most of the results
of Gurobi while there are some instances in which Gurobi
performs better in terms of solution quality. On average,
SA improves the Gurobi’s results by 4.82%.

For the large dataset, the proposed SA improves Gurobi’s
results with the largest improvement of 66.09% for R208. The
average gap of -27.68% means that SA on average improves
Gurobi’s results. Based on Table 5, VI, and VII, we conclude
that on average, SA provides better solutions in terms of
objective value and computational time.

Furthermore, we investigated the gap between the best
solution and the average solution obtained by SA for each
instance. The average gaps are 0.33%, 0.92%, and 2.21% for
VRPPL small-, medium-, and large-instances, respectively.
Therefore, we conclude that the proposed SA is reasonably
robust for solving the VRPPL.

D. ANALYSIS AND DISCUSSION
In this section, we have discussed the proposed methods to
deal with the VRPPL.

In this paper, we proposed a mathematical programming
model for the VRPPL. Besides the VRPPL, the mathematical
model can also solve another VRP variant, i.e., VRPTW.
To implement the mathematical model for solving the
VRPTW, we need some adjustments because VRPTW only
considers one type of customer, i.e., type-1 customers. Thus,
we need to omit type-2 and type-3 customer-related sets,
parameters, decision variables, and constraints so that wemay
convert the mathematical model to solve VRPPTW.

The mathematical model is solved using an exact solver,
Gurobi. The exact solver mainly aims to obtain optimal
solutions with one primary issue, i.e., the significant com-
putational time. As the size of instances grows larger, the
complexity also grows and limits the exact solver to obtain
even feasible solutions for several instances, as shown in
Table 7. This situation becomes an important issue the
approach is to be implemented into a real application.
Therefore, an exact approach will not be enough but the
results can be a baseline for evaluating the solutions obtained
from applying the proposed heuristic, i.e., SA.

The limitation of the exact solver leads to the development
of a heuristic, i.e., the SA. According to the experiments
presented in Tables 5 - 7, it can provide high-quality solutions
in a reasonable computational time when being compared
to the results of the exact solver. However, we are aware

VOLUME 10, 2022 20775



V. F. Yu et al.: Simulated Annealing Algorithm for Vehicle Routing Problem With Parcel Lockers

TABLE 6. Result of medium datasets of VRPPL.
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TABLE 6. (Continued.) Result of medium datasets of VRPPL.

of the NFL theorem which states that ‘‘there is no absolute
efficient heuristic’’ [45], meaning that each algorithm has
advantages and limitations. Therefore, our proposed SA may
also perform well in solving VRPPL and VRPTW, but its
performance cannot be generalized to all problems before
further experiments are conducted.

The critical factors in implementing the SA algorithm to
provide a good solution for VRPPL include the utilization of
a set of neighborhood moves, the acceptance criterion, and
tuning of the parameters. By utilizing various neighborhood
moves, the SA could explore a wide range of solution
spaces so that it may find a promising solution. The
acceptance criterion utilized in the SA enables the algorithm
to escape from the local optimal solutions. Lastly, the SA
has many parameters defined in Section IV.D. Previous
studies [40], [46] have shown that parameter tuning is
required so that SA can achieve a good performance.
Therefore, we conducted parameter tuning for finding an
appropriate parameter configuration.

The computational time required by the SA can be
defined by analyzing the operations defined in the SA in
terms of complexity. The complexity of the proposed SA is
in (1) the objective calculation procedure, (2) the procedure
of copying a solution, and (3) the neighborhood moves.
The other remaining parts can be executed in a constant
time.

The procedures of both calculating the objective function
and copying a solution have a complexity of O(|NC |)

because they sequentially evaluate all nodes in the solution
representation. There are three neighborhood moves with
different complexities. The swap requires a constant time
while the other two, insertion, and inversion move, depending
on the locations of selected nodes. For the insertion, the
complexity is O(ni), where ni represents the number of
nodes that need to be shifted due to the insertion move.
For the inversion, the complexity is O(bnv/2c) where nv
is the number of nodes located between the selected two
nodes (including the two nodes) in the inversion move.
Based on the aforementioned complexities, they become the
primary reason that the larger the dataset, the longer is the
computational time of the SA.

The proposedmathematical model and SA can be extended
to solve other potential problems, especially the VRP domain.
To adopt the mathematical model, current constraints need to
bemodified or some new constraints are required to be added.
For the SA, the neighborhood moves and the acceptance
criterion can be adopted to deal with other VRP variants with
some modifications in the proposed solution representation
and objective value calculation.

Statistical tests were conducted to statistically evaluate
the performance of our proposed SA. We used Wilcoxon
signed-rank tests to measure the significance of the difference
between two groups of paired data. The Wilcoxon signed-
rank is a non-parametric statistical test to analyze two related
samples [47] and was used for a similar problem [48].
Tables 8 and 9 show the result for Wilcoxon signed-rank for
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TABLE 7. Result of large datasets of VRPPL.
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TABLE 7. (Continued.) Result of large datasets of VRPPL.

TABLE 8. Result of wilcoxon signed-rank tests on average solution value and average best solution value for VRPTW datasets.

VRPTW and VRPPL, respectively. We used the confidence
level of alpha = 0.05 to test the hypothesis. If the asymptotic
significance (Asymp. Sig) (2 tailed) is less than alpha, then
we conclude that the two paired samples are significantly
different.

Based on Table 8, the Asymp. Sig. of average best solution
value for VRPTW large datasets are all larger than alpha
implying that the performance of the proposed SA algorithm
is similar compared to state-of-the-art algorithms in terms

of solution quality. According to Table 9, the Asymp. Sig.
for best solution value and running time for all VRPPL
datasets were all less than alpha. This implies that the solution
values and running times of the two proposed methods are
significantly different. Finally, based on Tables 5, 6, 7, and 9,
we can conclude that the SA significantly outperforms the
Gurobi in terms of solution quality and run time.

When implementing the model for real-world cases,
the model considers three types of consumers. Therefore,
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TABLE 9. Result of wilcoxon signed-rank tests on best solution value and running time for vrppl datasets.

we need to group consumers by customer type to facilitate
product delivery. Data acquisition is also critical for the
implementation. The information on the capacity of each
parcel locker is needed in advance because, in general, parcel
locker management involves other companies.

VI. CONCLUSION
The research proposes a new variant of VRPTW, namely
VRPPL, by considering three types of customers that have
different delivery choices. A mathematical model and a SA
algorithm are proposed. Moreover, we generated a set of
VRPPL instances since this problem is a new variant that has
never been dealt with in the previous works.

We analyze the performance of the proposed SA in solving
both VRPTW and VRPPL benchmark instances. For the
small datasets of VRPTW, the SA can lead to near-optimal
results, with the highest gap of 0.76%. For the large datasets
of VRPTW, the highest average best value gap for SA
is −7.87% compared with the best-known solution from
Moradi et al. [19]. For small and large instances of VRPPL,
the SA can outperform the Gurobi with an average gap of
1.90% and 4.82%, respectively. The results indicate that the
proposed SA provides reasonable results to the available
VRPTW benchmark instances and high-quality results to
VRPPL instances.

Several future directions that could be considered are listed
as follows. This is a new problem, and we are the first
to propose these methods, i.e., a mathematical model and
a SA, to deal with the VRPPL. Future works may focus
on improving the solutions of VRPPL by proposing a new
heuristic-based algorithm. Another avenue to address is to

consider another extension on the function of parcel lockers.
One of the assumptions considered in this work is that a parcel
locker is used to deliver what the customers demand. In future
work, the parcel lockermay also serve as a place for collecting
returned goods. Such extension leads to another real problem
arising in the context of reverse logistics.
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