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ABSTRACT

In this research, we investigate a transshipment scheduling problem in which a set of loading and
unloading jobs must be performed at a single station of a transshipment terminal. We assume that
there is a set of product types and an inventory storage center with a constant capacity for each.
Each loading job decreases the inventory level of a particular product type and has a predetermined
due date, while each unloading job increases the inventory level of a product type and has a given
release date. An inbound truck delivers a set of products, which have the same release dates and
must be unloaded, to the inventory storage center. In contrast, an outbound truck conveys a set of
goods, which have identical completion times and must be loaded. We aim to minimize the total
freight cost of trucks as well as the total weighted tardiness of products. To this end, we develop a
linear integer programming model and a variable neighborhood search algorithm including a set of
efficient local search procedures. Moreover, we run the two previously developed metaheuristics, i.e. a
genetic algorithm and a particle swarm algorithm so as to solve the problem. Using a set of randomly
generated test instances, we perform extensive computational experiments and statistical analyses to

highlight the efficiency and superiority of the developed algorithm.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

In this paper, we consider a transshipment terminal, named
a cross-dock, with a single station where different products are
received and delivered at given dates using a set of trucks. Each
inbound truck carries various types of products, and we consider
all as a batch that must be unloaded at the transshipment termi-
nal. Furthermore, an unloading job includes unloading all prod-
ucts of the same type in a batch. For each type of product, there
is a limited capacity for temporary storage in the transshipment
terminal. Moreover, a demand consists of a particular amount of
different products as well as a due date. A loading job includes
loading products asked by a demand. Outbound trucks only can
be loaded using loading batches, consisting of consolidating sev-
eral loading jobs. In addition, it is assumed that partial delivers of
loading job are not allowed, all trucks have identical capacity and
the single loading/unloading station can process only one job at
a time. We aim to construct loading batches and find a sequence
for loading and unloading jobs in such a way that the total cost
of outbound trucks and weighted tardiness is minimized.
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The problem at hand is a generalization of the problem in-
troduced by Briskorn and Leung [1], in which a single type of
product was considered, and inventory capacity of the transship-
ment terminal was supposed to be unlimited (shown as 1|inv|L;qx
using the notation of Graham et al. [2]). Having aimed to min-
imize the maximum lateness, they proved that the problem is
NP-hard and developed a set of branch-and-bound algorithms.
Briskorn et al. [3] studied the complexity of a set of single-
machine scheduling problems in which nonnegative inventory
constraints were factored in. Bazgosha et al. [4] investigated
Pm|inv|Cpqx With a single type of product and limited capacity for
the inventory storage center. They developed two scheduling gen-
eration schemes, i.e. serial and parallel, and also developed three
metaheuristic algorithms based on genetic algorithm, particle
swarm optimization and cuckoo optimization algorithms.

Rarely are papers in the field of scheduling with inventory con-
straints consideration. We can cite Schwindt and Trautmann [5],
Neumann and Schwindt [6], Neumann et al. [7] and Bartels
and Zimmermann [8] as articles that addressed this issue. Buijs
et al. [9] and Boysen and Fliedner [10] seem to be the two most
recent related surveys that studied cross-docking systems. In
this context, most research papers intended to find a sequence
of inbound and outbound trucks to minimize operational costs.
Boysen et al. [11] studied the scheduling of trucks at cross-dock
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terminals where trucks are capable of both picking and delivering
products. They also assumed that the terminal has two separate
stations for the process of loading and unloading trucks. Arabani
et al. [12] analyzed a multi-objective cross-docking problem in
which items are unloaded in a single receiving gate and loaded
onto one available shipping gate. Moreover, defining a scheduling
problem at a transshipment terminal where products should be
picked up by trucks immediately after unloading, Boysen [13]
developed a dynamic programming algorithm in conjunction
with a metaheuristic approach based on the simulated annealing
algorithm. Yu and Egbelu [14] assumed a temporary storage area
at the front of the shipping dock in order to store the finished
products shortly. As a result, some of these products may wait in
the temporary storage area until an appropriate outbound truck
becomes available. Forouharfard and Zandieh [15] also studied
a similar problem and developed an imperialist competitive al-
gorithm (ICA). Considering no temporary storage area, Vahdani
et al. [16] let the trucks to return to their corresponding dock in
order to end their task.

The contributions of this paper are twofold: (1) we develop
a mixed linear integer programming model for the introduced
problem and solve it using the ILOG CPLEX; and (2) we develop
a metaheuristic algorithm based on the variable neighborhood
search (VNS) algorithm which benefits from efficient moves in
its local search procedure. To evaluate the performance of our
developed VNS, we modify the genetic algorithm (GA) and par-
ticle swarm optimization (PSO) algorithm developed by Bazgosh
et al. [4] and present extensive comparative results.

The remainder of this paper is organized as follows. In Sec-
tion 2, problem description and formulation as a linear integer
programming model is presented. In Section 3, a VNS algorithm
is developed and GA and PSO algorithms of Bazgosh et al. [4]
are modified to solve our problem. The developed model and
algorithms are evaluated using extensive comparative computa-
tional experiments in Section 4. Finally, conclusions are drawn,
and future research directions are discussed in Section 5.

2. Problem description and modeling

We consider a transshipment scheduling problem in which
a set of jobs ] must be processed at a single station that can
process only one job at a time. Each job should be either loaded
or unloaded at the station. We suppose that there is unlimited
number of trucks, and each has a fixed capacity V and a constant
cost F. There are two types of jobs, i.e. unloading jobs J* =
{jf,...,jgﬂ] and loading jobs |- = j]_,...,jglj. We also
assume that there are pt types of products and Ki; k=1, ..., pt
indicates the set of (unloading and loading) job type k where

itzl Ky = J. Each inbound truck contains an unloading batch
By. Each batch includes a given set of unloading jobs that each
consists of a predetermined number of a particular product type.
Furthermore, each outbound truck contains a loading batch. A
loading batch includes a set of loading jobs that each consists
of a given number of a product type. We show all unloading

and loading batches by means of Bt = {B;r ..., B" ] (BT =

BT
J™) and B~ = {B]‘,...,Bg_l} (B~ = J]7), respectively. Each
job j is associated with a processing time p; and an inventory
modification 8. For each product type k, the initial inventory
level I and the inventory capacity I, specified by a number
of item unit, are given. We assume that preemption of jobs is
not allowed, and jobs of an unloading batch should be processed
consecutively. In other words, processing of an unloading batch
cannot be interrupted with a loading job, whereas the processing
of a loading batch may be interrupted by an unloading batch.
In addition to this, for each unloading batch B,, we are given a
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release date r, indicating the release date of all including jobs.
Moreover, requiring a capacity vj to be stored in a truck, a loading
jobj has a due date d; and a delay cost w; calculated per time unit.
Each loading job must be delivered to a customer. We assume
that all customers are placed in the vicinity of the transshipment
terminal such that we can dismiss the delivering times.

In the developed model, first, we have to decide which loading
jobs should be included in a loading batch b; b =1, ..., | 7|. Sec-
ondly, we must determine a schedule establishing the sequence
of unloading and loading batches so as to minimize the cost of
trucks and delays of loading jobs. This should be noted that the
maximum number of loading batches is |J~| and each loading
batch includes only one job. We also consider a limited planning
horizon as T = {1,...,|T|} where |T| = maxp_;,__ g+ {rs} +

Zje] ;.
The following decision variables are utilized to model the
described problem.

~_ ] 1;If loading job j finishes at time t
7] 0; Otherwise

XUy = {l; If unloa_ding batch b finishes at time t
0; Otherwise
Yo — {1; If loading job j is placed in batch b
=1 0; Otherwise
1; If loading batch b is not empty
b= {0; Otherwise
C, = Completion time of loading batchb
T; = Tardiness of loading jobj
Ie = Inventory level of product type k at time t
M = abig number

We present the mathematical formulation of the problem as
follows.

Ul Ul
Min FY " Z,+ Y wT, (1)
b=1 j=1
Subject to:
D XL =1 Vje]™ (2)
VteT
> XUy =1 vb:Bf C B* (3)
VteT
DX+ D XUp <1 VteT (4)
vjeJ~ vb:B} CBt
t
Z Z Xlye <M (1 - XL) YjeJ:VteT (5)
T=t—pj+1je]=\j
t
Z Z XUpr <M (1—XLy) Yje] :VteT (6)
T=t—pj+1 Bb+93+
t
> > XUy <M(1—XUy) Vb:Bf CB:VteT 7

r:r—ZjEB; pj+1 B; CBt b'#b

t

Y. D Xl <M(1-XUy)

e

vb:Bf CBY;vteT  (8)

> XL > p; VieJ” (9)
teT
thubt —Tp = ij Vb:By € BY (10)
teT jeBf

D jes; Yio
z,> T Vb:B, CB” (11)

- M
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Vje] ;VteT;Vb:B, CB”
(12)
VjeJ ;Vb:B, € B (13)

Cp > XLy + M (Yp — 1)

Ty >C—dj+M(Yp— 1)
duvp <V

jel~

o = 1" k=1,....pt (15)

I = Ike—1y + Z SikXLir + Z Z SikXUp¢

jeKeny ™) Vb:B} CB* je(KiBy)

Vb:B, C B~ (14)

VteT:k=1,...,pt (16)

I <If VteT;k=1,...,pt (17)

XU € {0, 1} VjeJt;vb:Bf < Bt (18)
Vie]™ VteT;

XLic, Yip, Zy € {0, 1 a

sjt» Tjbs &b { } Vb:Bb C B
Vie] ;VteT;

Cp, Ty, Iie € Z7F

be o Tt Vb:By CB;k=1,...,pt

(19)

The objective function (1) minimizes the total fixed cost of
trucks and tardiness cost of loading jobs. Constraints (2) ensure
that each job finishes at only one time slot, and Constraints (3)
guarantee this issue for each unloading batch. Constraints (4)
confirm that at most one job can be completed at any time slot.
Constraints (5)—(8) assure that if a loading job or an unloading
batch finishes at time slot t, another job cannot be processed
during that. In other words, these constraints consider the single
resource of the problem as a machine and preclude from pre-
emption of loading jobs and unloading batches. Constraints (9)
explain that completion time of a loading job is not less than its
processing time and Constraints (10) guarantee that start time
of an unloading batch must be equal or greater than its release

date. Number of loading batches is calculated using ZL! Z, and
non-empty loading batches are determined with Constraints (11).
Finish times and tardiness values of loading jobs are specified
using Constraints (12) and (13), respectively. Constraints (14)
impose the capacity constraint of trucks for loading batches.
The initial inventory level of each product type is given using
Constraints (15), and inventory level of each product type at
other time units t > 0 are determined through Constraints
(16). Constraints (17) consider the inventory capacity constraint
for each product type. Finally, the last two sets of constraints
describe the type of variables in which Z* represents the set of
non-negative integers.

3. A VNS algorithm

The problem at hand is NP-hard because it is a generalization
of 1|inv|Lyq Which has been proved to be NP-hard by Briskorn
et al. [3]. Since our developed model, described in Section, is
not capable of solving large-sized instances in a reasonable time,
designing metaheuristic solution approaches is highly recom-
mended. In this section, we develop a VNS algorithm to find
high-quality solutions for the problem. VNS is a metaheuristic
algorithm that changes the size and type of neighborhood struc-
ture during the search process in a systematic fashion so as to
escape from local optima. In the following, we show the solution
representation and our VNS description. To evaluate compara-
tively the performance of our develop VNS, we modify the GA
and PSO metaheuristics proposed by Bazgosh et al. [4] to solve
our problem.
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3.1. Solution representation

We represent a solution s of the problem utilizing a double list
s ={o, B}. Thelist o = (01, coes Ol | 4Bt indicates a sequence

of unloading batches and loading jobs where oj € J~ UB*. More-
over, the list 8 = (Bi, ..., By-|) shows batch numbers of loading
jobs where B; represents batch number of the loading job j;.
Different permutations of the first list result in various sequences
of job processing at the single station, and different measures of
each element in the second list classify loading jobs into different
groups. This should be noted that the maxim number of loading
batches, which is |J 7|, is obtained when each loading job is placed
individually in a separate batch. Furthermore, we assume that
all unloading jobs of a batch must be processed continuously. In
other words, we deal with unloading batches instead of unloading
jobs.

As an example, consider an instance including two unloading
batches where B = {jT.j;} and Bf = {ji} and four loading
jobs i1, ... ,j;}. Apart from inventory constraints, the solution
s = {(iy. By .Js.B3.j5.J) . (1,2,2, 1)} indicates that job j; is
processed first and then jobs of batch BT are unloaded (in an
arbitrary sequence). Subsequently, j, is loaded, next batch B;
is unloaded and then jobs j; and j, are loaded. The last four
numbers in the solution s show that jobs j; and j, are grouped
into a batch B] and are delivered at the completion time of j, .
Also, two jobs j, and j; are loaded simultaneously as batch B
and are delivered as soon as j, finishes.

3.2. Sketch of the VNS

VNS, proposed by Mladenovi¢ and Hansen [17], is a meta-
heuristic method for solving a set of combinatorial optimization
problems. It explores distant neighborhoods of the current solu-
tion and moves to a new solution if and only if an improvement
is made. The first step of a VNS is definition of solution repre-
sentation. Afterward, neighborhood structures are designed on
the basis of the proposed solution representation. Our developed
VNS, presented in Algorithm 1, includes three main procedures,
i.e. shaking, local search and repairing procedures.

Algorithm 1: Sketch of the VNS
Input: Sh,,,, and TL

s « generate a random initial solution
while current-time < TL do
sh « 1;
while sh < shy,q, do
s’ « Shake (s, sh);
s « VND (s');
if f(s") < f(s) do
s« s'";
sh «1;
Else
sh < sh+1;
End

End

End
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Shaking procure is designed to avoid getting trapped in local
optima and is performed using two efficient moves, i.e. A-reverse
and y-insert. The local search procedure aims to intensify the
search process in some areas of the search space of the prob-
lem. We choose a variable neighborhood descent (VND) as the
local search algorithm. This explores systematically several neigh-
borhood structures using A-opt, A-reverse, y-swap and y-insert
moves, which are described in Section 3.5. Besides, we develop
a repairing procedure, described in Section 3.6, to convert each
infeasible solution to a feasible one.

Our developed VNS gets the two following parameters as
inputs: the maximum number of moves in the shaking procedure
(Shmex) and the time limit of the algorithm (TL). Next, an initial
solution s is generated randomly. Since this solution might be
infeasible, it has to be repaired with the repairing procedure.
Afterward, a While loop is performed until the given time limit
is met. At each iteration of the VNS algorithm, a shaking proce-
dure is first applied to the current solution and the local search
procedure is performed afterward.

3.3. Neighborhood structures

To construct a set of neighbors for a solution, we need to
introduce different kinds of moves for two lists o and S. For
a list o, we consider two types of moves, named A-opt and A-
reverse. The A-opt move extracts A; A = 1,...,[J"| + [Bf| — 1
consecutive elements from the current list o and inserts them
in a new random position. Let us consider the example of Sec-
tion 3.1 where o = (j7,B{.j;, By .j5,j;). If we assume that
L = 2 and elements of B in conjunction with j, are inserted
immediately after j, the new list o’ = (ji, By .j5, Bf.j;.J;) is
obtained. On the other hand, the A-reverse move selects A; A =
1,.... 7| + |B*| — 1 consecutive elements from the current
list o0 and reverses their relative order. If A = 2 and we are
going to select again elements B along with j;, the new list
0" = (jy.ja. Bf.By.j5.J,) is attained. If the newly obtained list
o is infeasible because of inventory constraints violation, it will
be repaired using the repairing procedure. Besides, for each list
B, we consider two sorts of move named y-swap and y-insert
where y = 1,..., ? The 1-swap move selects one pair of
loading jobs casually, and if capacity and inventory constraints
are not violated, it exchanges their batch numbers. The y-swap
is a random replication of 1-swap for y times. For instance, if

we let B = (1,2,2,1) in the example, swap batch numbers
of jobs j; and j; and ignore the truck capacity constraints, the
new list 8 = (2, 1,2, 1) is acquired. Furthermore, the 1-insert

move selects a loading job and inserts it in a new batch if both
inventory and capacity constraints are satisfied. If we consider
B =(1,2,2,1) and insert job j; into the first batch, the new list
B’ = (1,1, 2, 1) is attained. In other words, the y-insert move is
a random replication of 1-insert for y-times.

3.4. A shaking procedure

Shaking procedure is proposed to escape from local optimal
solutions and is a diversification strategy that is utilized when no
improvement is reached. This procedure uses parameter sh as the
number of shaking operations applied to lists o and S. In other
words, it performs sh times 2-reverse and 2-insert moves to lists
o and B, respectively.

3.5. A local search procedure

Our local search procedure is a variable neighborhood descent
(VND) procedure that searches in the developed neighborhood
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structures based upon the first improvement strategy. This pro-
cedure completely explores one neighborhood structure and ex-
tends its search to the next neighborhood structure in the case of
reaching no better solution (Todosijevi¢ et al. [18]).

The general structure of our developed VND is shown in Algo-
rithm 2.

Algorithm 2: The VND procedure

Input: s (a solution), A™* = |J~| + |B*| — 1, y™** = v |/2;
A «1;y «1; imp=talse;
while (1 < A™** & imp = false) do

s « 1—swap (4, s);

If s’ is infeasible, s’ « repair (s');

if f(s") < f(s) do

s« s';

imp= true;

else
s' « A—insert (4, s);
If s’ is infeasible, s’ « repair (s');
If (s") < f(s) do
s« s’
imp= true;
End

End
If (imp = false)
A=1+1;

End
imp=false;
while (y < y™¥ & imp = false) do
s' <y —swap (4, s);
If s’ is infeasible, s’ « repair (s');
if f(s") < f(s) do
s« s';
imp= true;
else
s’ «y —insert (4, s);
If s’ is infeasible, s’ « repair (s');
If (s") < f(s) do
s« sy
imp= true;
End

End
If imp = false)
y=v+1

End

In this procedure, the three following parameters are consid-
ered as inputs: maximum number of A (A™* = |]*| + |B+‘ - 1),

the maximum number of y (y™® = ?) and binary variable imp
which indicates whether improvement has been obtained (imp
= true) or not (imp = false). It replaces the current solution s
with a new better one and restarts from the first neighborhood
structure when an improvement is achieved. In other words, the
VND procedure starts with A = y = 1 and applies the A — opt
move. If no improvement is found, then the A — reverse move is
applied. Subsequently, the y-swap and y-insert are performed,
respectively. In the next step, if the current solution is not im-
proved, the VND procedure initializes the parameters A and y as
A = y = 2 and then implements the A — opt, A — reverse, y-
swap and y-insert moves alternatively until an improvement is
attained. This procedure is stopped whenever no improvement is
found in all of the neighborhood structures. In each step of the
local search procedure we may find an infeasible that must be
converted to a feasible one using the repairing procedure.
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3.6. A repairing procedure

This procedure takes an infeasible solution and transforms
it into a feasible one. An infeasible solution to the problem at
hand may have different reasons for infeasibility, where one of
them is violation of the inventory constraint. In this case, if
an unloading batch cannot be unloaded due to violation of the
inventory capacity for some product types, this batch is shifted
to the right side in the list 0. We consider the minimum number
of shifts such that some loading jobs from those product types
are placed before this batch and inventory capacity is satisfied. In
addition to this, if a loading job cannot be processed because of
inventory shortage, this job is shifted to the right side in the list
o. We choose the minimum number of shifts in such a way that
unloading batches which include enough inventory of the product
type encountered shortage are placed before that job. This should
be noted that each infeasible list o is repaired from the left side
to the right side.

A list B8 might be infeasible because a loading batch may
violate the truck capacity. In this case, we remove the minimum
number of jobs with the smallest values of v; from that batch
so that the truck capacity constraint is satisfied. This is worth
mentioning that loading batch numbers should be consecutive
and if this condition is not held in a solution, we must renumber
all batches.

3.7. Modified GA and PSO

In this section, we modify the GA and PSO solution approaches
developed by Bazgosha et al. [4] to perform them for our prob-
lem. We chose these two algorithms because they have been
developed for a loading and unloading scheduling problem in
a multi-station transshipment terminal. To do so, we need to
modify these two algorithms due to the following reasons.

(I) They considered only one product type instead of several
types

(I) They considered multi docks instead of one station

(IlT) They did not consider any due date for the loading jobs

(IV) Their objective function is different from ours

(V) They did not define batches as we do

GA is a population-based metaheuristic developed by Hol-
land [19] including two main operators called cross-over and
mutation. This solution approach has been used widely to solve
complex optimization problems in the field of cross-docking
scheduling (See Boloori et al. [20], Molavi et al. [21] and Taman-
naeib et al. [22]). Following Bazgosh et al. [4], we employed
the well-known two-point crossover operator and a permutation
operator, described by them. The crossover operator is applied to
all newly generated solutions while permutation operator is used
with a probability of p;,. Moreover, the generated infeasible
solutions are repaired using our developed repairing procedure.
All other settings are copied from Bazgosha et al. [4] and only
our solution representation and objective function are different
from theirs. This algorithm includes parameters p,,, and |Pop|
(population size) which will be tuned in Section 4.1.

PSO is also a population-based search algorithm developed by
Eberhart and Kennedy [23], inspired by the flocking behavior of
birds. There are several papers that have utilized PSO algorithm
to solve cross-docking scheduling problems (See Mohtashami and
Tavana [24] and Wisittipanich and Hengmeechai [25]). For PSO,
we choose to work with our developed solution representation
instead of binary representation. We implement Algorithm 4 of
Bazgosha et al. [4] as our PSO approach and just replace our
objective function instead of theirs. Moreover, we use the same
velocity equations but we apply it to both lists o and 8. Besides,
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we convert new generated infeasible solutions to infeasible ones
using the repairing procedure. This algorithm includes parame-
ters cq, €2, Vmax(maximum velocity) and |Pop| (population size)
which will be tuned in Section 4.1.

4. Computational experiments

We coded all developed algorithms including the VNS, GA and
PSO in Visual C++ 2015 and performed all computational results
on a computer with an Intel Core i5 and 8GB of RAM. In addition,
we used the IBM CPLEX 12.7.1 as a solver for the linear integer
programming model.

4.1. Test set generation and parameters setting

We generated instances with n = 10, 20, 30, 40 and 50 jobs
and pt = 2,3 and 4 product types. Since the processing times
may influence the performance of the developed model, we chose
them randomly from the discrete uniform distribution {1, ..., 7}
where 7 € {10, 30}. The integer release dates were chosen from
the discrete uniform distribution {1, ..., pzje pj} where p €
{1,1.5,2} and inventory modifications were érawn randomly
from the discrete uniform distribution {1, ..., 10}. We considered
V = 10 for all inbound and outbound trucks and v;; Vj € J~
is an integer quantity randomly taken from discrete uniform
distribution 1,...,5. We supposed that all inbound trucks are
filled as many as possible and each may include various types
of products. Moreover, we assumed that F = 500 cost unit
and wj; Vj € J~ is an integer value randomly selected from the
discrete uniform distribution {200,...,400}. The processing time of
each job (pj) and the release date of each batch (r,) were taken
from the discrete uniform distributions {1, ..., 10} and {0....,
2 _v; Pj} respectively.

Jobs were assigned to sets ] = Jt UJ” and Ki; k= 1,...,pt
with equal probabilities. Finally, we generated amounts of I,i”i and
Ikc for k = 1,...,pt randomly from the discrete uniform dis-

tributions {max (O, - ZjeKk (Sj) e — Zjeu(knr) 5),} and {I’i(ni_,r_

max (O, > ek Sj) v T Yk (Sj}, respectively. For each
combination of parameters n,pt,7 and p, we generated 10
random instances resulting in 900 test instances.

We also set parameter sh of VNS algorithm using fine-tuning

as sh = brl et and presents the results of VNS for time limits
TL = 1, 10, 30, 60 and 180 s. Likewise, we set parameters of the
GA as ppye = 0.05 and |pop| = 150 and parameters of the PSO as
Vimax = 4, ¢ = ¢ = 2 and |pop| = 150.

4.2. Comparative results

In this section, we compare the results of the developed
model, VNS algorithm, GA and PSO algorithm. Table 1 indicates
the average runtimes with TL = 3600 seconds as well as the
number of problems solved optimally using the CPLEX, shown
inside parentheses. Since the runtimes of the model for the
test instances with n > 30 is intractable, this model was not
implemented for those.

The results of Table 1 indicate that the runtime of our devel-
oped model is highly dependent on the parameter p;. The larger
the size of an instance is, the more runtime the instance needs.
This is due to the fact that the variables of the model are directly
dependent on the time indices. A similar trend is also observed for
the parameter r;. Furthermore, the runtimes seem to be increased
by escalation the parameters n and pt. However, 485 out of 540
test instances, which is around 90%, for n < 30 were optimally
solved by the CPLEX. We call this set of instances as Set1 and
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Table 1
The average runtimes (in seconds) of the developed model.
p=1m7=10 p=1 7 =30 p=15m7=10 p=15 =30 p=2,7=10 p=2,7=30
n = 10, pt=2 8.1(10) 218.9(10) 6.3(10) 114.8(10) 5.8(10) 109.6(10)
n = 10, pt=3 11.3(10) 293.3(10) 7.5(10) 200.8(10) 7.0(10) 168.8(10)
n =10, pt=4 18.4(10) 354.7(10) 12.2(10) 288.4(10) 11.9(10) 212.5(10)
n = 20, pt=2 20.1(10) 318.9(10) 15.3(10) 224.6(10) 12.8(10) 1194.7(9)
n = 20, pt=3 29.7(10) 427.7(10) 21.1(10) 257.1(10) 20.2(10) 1631.2(9)
n = 20, pt=4 43.0(10) 561.1(10) 27.0(10) 39.4(10) 27.3(10) 2847.7(8)
n = 30, pt=2 192.5(10) 2347.7(10) 314.5(10) 3327.8(8) 547.9(10) 3489.1(8)
n = 30, pt=3 144.6(10) 3413.0(9) 397.9(10) 3527.4(7) 742.8(9) 3542.9(8)
n = 30, pt=4 185.8(10) 3584.4(9) 455.5(10) 3591.0(6) 1413.1(8) 3595.5(7)
Table 2
Comparative results based on APD.
TL (seconds) 1 10 30 60 180
n, pt Algorithm
GA PSO VNS GA PSO VNS GA PSO VNS GA PSO VNS GA PSO VNS
n=10,pt=2 25 20 23 17 14 10 00 00 00 00 00 00 00 00 00
n=10,pt = 41 35 37 18 15 12 05 02 00 00 00 00 00 00 00
n=10,pt=4 47 45 45 22 22 18 09 03 01 02 00 00 00 00 00
n=20,pt=2 141 134 128 88 76 86 35 30 34 16 14 15 00 00 00
n=20,pt=3 166 168 156 95 96 99 47 48 51 21 18 17 03 00 00
n=20pt=4 186 187 189 107 105 108 78 73 70 27 22 18 01 01 00
n=30,pt=2 196 195 194 121 119 117 90 85 81 83 73 65 65 62 63
n=30,pt=3 224 218 212 143 138 131 101 93 89 95 88 75 73 74 71
n=30,pt=4 261 257 243 180 178 186 141 134 127 105 103 92 98 91 85
n=40,pt=2 388 371 358 340 331 326 318 304 284 326 304 273 292 280 269
n=40,pt=3 423 397 367 359 350 334 330 317 293 337 313 282 320 300 270
n=40,pt=4 442 425 401 399 385 369 364 357 338 346 330 318 338 323 301
n=>50,pt = 485 460 414 425 400 384 381 363 343 361 339 325 355 334 321
n=50,pt=3 513 484 432 473 424 393 405 383 356 380 353 337 369 346 334
n=50,pt=4 537 512 449 498 457 410 440 412 387 401 371 354 380 358 339
Average APD 272 261 243 219 207 199 183 174 164 167 155 145 153 145 13.7
address the other 415 instances by Set2. The average runtimes for Table 3 )
test instances with n = 10, 20 and 30 are 113.9, 428.8 and 1934s,  U-values of Mann-Whitney U test.
respectively. Furthermore, the average runtimes for test instances Comparison TL(seconds)
with pt = 2,3 and 4 are 629.7, 824.7 and 959.4 s, respectively. 1 10 30 60 180
Considering the runtimes trend, we conclude that the number of VNS vs GA 28 36 21 18 17
activities seems has more impact on them rather than the number VNS vs PSO 48 45 18 17 14
GA vs PSO 22 16 14 14 17

of product types.

Table 2 indicates the comparative results of three metaheuris-
tic algorithms, i.e. the VNS, the GA and the PSO algorithm. In this
table, the results of Set1 are shown based on the average percent
deviation (APD) where ) _
PD = obtained solution bbisiriefoﬂiznstzlrsgob:stffound solution % 100 indicates
the percent deviation. In this equation, for each algorithm, the
difference between the obtained solution by the algorithm and
the best-found solution is calculated and then divided by the
best-found solution. The latter is the optimal solution of each
instance of Set1, while it is the best-found solution by all devel-
oped solution approaches for each instance of Set2. Moreover, we
show APD for Set2 based on the difference between the obtained
solution by metaheuristic algorithms and the solution found from
relaxed version of the mathematical model. The given results
highlight the efficiency of our developed VNS such that it is able
to find optimal solutions for all instances of Set1 in less than
180 s. In addition to this, it could find optimal solutions for nearly
95% of Set1 within 60 s. In majority of combinations of n and
pt, we observe that the VNS performs better than the GA and
PSO algorithm. Besides this, these results indicate that the PSO
algorithm has better performance than the GA.

4.3. Statistical analyses

To analyze statistically the comparative performance of each
pair of developed metaheuristics, we utilize the non-parametric
Mann-Whitney U test. To this end, we consider the APD of each

algorithm obtained based on each combination of n and pt as
a sample. For each statistical test, the null hypothesis is that
there is no significant difference between performances of the
two considered algorithms. Table 3 shows the U-values of Mann-
Whitney U test for each paired comparison in each time limit.
Since the sample size is 15 for each algorithm, the critical U-
values are 64 and 51 for « 0.05 and 0.01, respectively («
indicates the value of type-I error). If U-value is less than the
critical U-value, the null hypothesis is rejected. As can be seen,
based upon @ = 0.05 and 0.01, there are significant differences
between performances of algorithms where the VNS shows the
best performance while the GA has the poorest one.

One of the most important factors which highly likely influ-
ences the performance of metaheuristic algorithms is the seed
of random number generator. Some algorithms are very sensi-
tive to random numbers while some others are almost robust.
Therefore, in our experiment, we have selected randomly 10
different instances, namely five instances from Set1 and others
from Set2. We perform 30 independent runs in such a way that
each run has a unique seed. We measure the runtimes of each
algorithm spent solving each instance until the optimal or best-
found solution is not reached. The average runtimes (Avg) and
their standard deviations (Stdev) are reported in Table 4. In order
to analyze these numerical results statistically, we again use
the Mann-Whitney U test to compare two algorithms based on
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Table 4
Average and standard deviation of runtimes.
Algorithm Instance #
1 2 3 4 5 6 7 8 9 10
VNS Avg 1768 1872 6517 7088 11842 13148 13161 16454 16707  177.27
Stdev 155 125 9.42 1055 4144 29.01 3276 2445 2471 2023
psO Avg 1846 1995 7125 7831 12458  137.17 14791  167.36  189.16  196.31
Stdev 156 1.1 8.43 1104 3551 3258 32.12 30,58 22.68 19.75
A Avg 2031 2111 7261 8266 11513 14697  160.17  187.12 18407  227.93
Stdev 124 1.06 8.32 1000  25.04 24.14 28.69 31.16 25.91 2430
Table 5 5. Conclusions and future research directions
Z-values corresponding to Mann-Whitney U tests.
Comparison  Instance # In this paper, we considered a scheduling problem for a set
t 2 3 4 5 6 7 8 9 10 of loading and unloading jobs with several types of products at
VNSvs GA 590 6.12 277 483 325 259 314 306 276 543 a transshipment terminal, where the jobs arrive and leave the
VNS vs PSO 362 217 254 167 223 139 118 208 172 4.13 terminal in a set of batches. Furthermore, an inventory capacity
GAvsPSO 430 539 0.13 105 307 127 208 131 084 454

each instance. Since there are 30 replications (samples) for each
algorithm in each test and the critical U-values are available up
to 20 samples, we use the corresponding Z-values. It is worth
mentioning that the critical Z-values for « = 0.05 and 0.01 are
1.95 and 2.58, respectively. According to Table 5 in which the
Z-values are shown, VNS beats GA significantly in all instances.
Likewise, VNS outperforms PSO in 5 out of 10 instances when
o = 0.05, but it is not apparent for « = 0.01. Furthermore, in
nearly half instances PSO had substantial outperformance rather
than GA.

4.4. Impact of moves

In this section, we assess the impact of developed moves
on the performance of the VNS algorithm. For this purpose, we
remove a special move from the algorithm and perform it again
to obtain new solutions in the given time limits. Since the best-
found solutions for most instances were obtained within 60 s,
in this section we consider TL = 60 seconds. The impacts of
A — opt, A — reverse, y — swap and y — insert on the APD are
summarized in Table 6. The APD of the VNS algorithm for all
instances with TL = 60 seconds is 14.47 while the similar values
for the algorithms VNS\{A-opt}, VNS\{A-reverse}, VNS\{y-swap}
and VNS\{A-insert} are 23.5, 19.6, 19.5 and 17.3, respectively. As
a result, it seems that the A-opt move has the most improving
impact on the performance of the VNS algorithm.

for each type of product is considered. We developed a linear
integer programming model and proposed an efficient VNS algo-
rithm. For instances with n < 30, the VNS algorithm was able to
find optimal solutions for 95% of test instances in less than one
minute, and also it was capable of finding all within 180 s where
the average and standard deviation of runtimes were 53 and
37 s, respectively. Moreover, we modified two previously devel-
oped metaheuristic algorithms, i.e. a GA and a PSO algorithm, to
solve our problem. Comparative computational experiments and
statistical analyses indicate that our developed VNS algorithm
outperforms others.

For future research, we suggest considering the problem at
hand with multi loading/unloading stations. In addition to this,
developing exact solution approaches or other metaheuristic al-
gorithms are interesting research topics.
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Table 6

Impact of the moves on the VNS algorithm within TL = 60 s.
n, pt Algorithm

VNS VNS\{A-opt} VNS\{A-reverse} VNS\{y-swap} VNS\{y-insert}

n=10,pt =2 0.0 0.1 0.0 0.0 0.0
n=10,pt =3 0.0 0.3 0.0 0.1 0.0
n=10,pt =4 0.0 0.8 0.2 0.2 0.1
n=20,pt=2 15 35 2.6 2.5 2.1
n=20,pt=3 1.7 3.3 2.6 2.6 2.2
n=20,pt=4 1.8 35 3.1 2.9 2.5
n=30,pt=2 6.5 124 8.8 8.7 7.3
n=130,pt =3 75 12.7 9.1 9.2 8.5
n=30,pt=4 9.2 15.9 13.8 13.0 114
n=40,pt=2 27.3 412 354 36.7 31.2
n=40,pt = 28.2 42.8 379 38.1 33.0
n=40,pt =4 31.8 50.0 40.8 39.5 36.7
n=>50,pt=2 32.5 51.9 42.1 419 38.9
n=>50,pt=3 337 55.3 45.8 46.7 41.1
n=>50,pt=4 35.4 58.6 51.8 50.5 44.6
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