UNIVERSITY OF MODENA AND REGGIO EMILIA

Department of Sciences and Methods for Engineering
Doctorate School in Industrial Innovation Engineering
XXXVII Cycle

Optimization techniques for workforce
allocation, dynamic scheduling, and storage
location in supply chains

DOCTORAL THESIS

Author: Supervisor:
Beatrice BOLSI Prof. Manuel IORI
Co-Supervisor:

Vinicius Loti DE LIMA

Coordinator:

Prof. Franco ZAMBONELLI

Academic year 2023/2024


https://www.unimore.it/
https://www.dismi.unimore.it/en
https://scholar.google.com/citations?user=p0o32FMAAAAJ&hl=it
http://personale.unimore.it/rubrica/dettaglio/iorim
https://scholar.google.com/citations?user=gepFK64AAAAJ&hl=en
https://personale.unimore.it/rubrica/dettaglio/zambonelli

UNIVERSITY OF MODENA AND REGGIO EMILIA

Abstract

Doctorate School in Industrial Innovation Engineering
Department of Sciences and Methods for Engineering

Optimization techniques for workforce allocation, dynamic scheduling, and storage
location in supply chains

by Beatrice BOLSI

This thesis presents a collection of optimization studies that arise in perishable product industries
and healthcare supply chains, particularly focusing on workforce allocation, scheduling, and storage
location optimization in real-world operational environments.

The first study examines a two-stage flexible flow shop problem for processing perishable prod-
ucts. Key decisions include shifts for workers, machine allocation and order scheduling, with the goal
of lexicographically minimizing three objectives: the number of unscheduled orders, the weighted
tardiness, and production costs. The resulting problem is addressed by developing a heuristic and
applying three metaheuristic algorithms: Random Multi-Start (MR), Biased Random Key Genetic
Algorithm (BRKGA), and Variable Neighborhood Search (VNS). A constraint programming model
is also formulated to evaluate the quality of the scheduling solution. Computational experiments
demonstrate that BRKGA is the most effective approach and obtains better results than MR and VNS.

The second study deals with the dynamic assignment of multi-skill configurations to multiple
servers in the healthcare context. Two different models are considered: the first prohibits patients from
leaving the system before receiving service, with the objective of minimizing total tardiness based on
target service times. The second model introduces priority-weighted tardiness and allows patients
to leave the system if waiting times become excessive, incurring additional penalties. To address
the challenge of solution selection in the common Scenario-Based Planning Approach (SBPA), we
propose a new approach that balances solutions across multiple scenarios, which we call Scenario-
Based Planning and Recombination Approach (SBPRA). Extensive computational experiments prove
that SBPRA outperforms the traditional SBPA, achieving a 38% improvement in the average objective
function value.

The third study focuses on a storage location assignment problem arising in a pharmaceutical
warehouse, incorporating incompatibility and isolation constraints. The objective is to minimize the
total distance traveled by order pickers to retrieve all required items. An Iterated Local Search (ILS)
algorithm is proposed to solve the problem, with numerical experiments carried out on simulated
data. A detailed procedure is also provided for structuring the input data of the warehouse layout.
The results show a significant improvement over the greedy heuristic procedure, commonly used in
real-life operations.

Overall, this thesis demonstrates the effectiveness of the developed optimization techniques in
addressing a series of challenging real-world problems. In particular, it highlights the utility of genetic
algorithms, such as the BRKGA, in obtaining high-quality solutions for complex flexible flow shop
scheduling problems, as well as the SBPRA in solving dynamic multi-skill assignment problems.
While these methods were specifically tailored to the unique requirements of the studied production
and operational settings, their versatility makes them applicable to broader classes of optimization
problems. Indeed, this opens several promising avenues for future research. For instance, we aim to
investigate the performance of the BRKGA algorithm in dynamic versions of the flexible flow shop
problem, where real-time changes require continuous adaptation. Similarly, the SBPRA approach
could be further generalized by extending its recombination framework to a wider range of assignment
and scheduling problems, thereby unlocking new possibilities for both theoretical advancements and
practical applications.
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Chapter 1

Introduction

Optimization techniques for resource allocation, scheduling, and storage assignment repre-
sent foundational pillars of Operations Research. Their study is motivated not only by their
vast industrial relevance—where operational efficiency is a key driver of competitiveness
in increasingly dynamic and heterogeneous markets—but also by the deep methodological
and theoretical challenges they pose. These challenges frequently emerge from real-world
problems, rooted in complex and variable operational environments, and require innovative
solutions that balance rigor with practical applicability.

Dynamic and stochastic versions of these problems further amplify their relevance, of-
fering fertile ground for advancing both theory and practice. Unlike their static counterparts,
where deterministic information is fully known in advance, dynamic and stochastic prob-
lems involve decision-making under uncertainty, with information revealed progressively
over time. This inherent complexity mirrors the realities of modern industries, where disrup-
tions, variability, and rapid changes demand adaptive and robust optimization frameworks.
The ability to tackle such challenges effectively can lead to significant advancements in do-
mains such as manufacturing, logistics, and healthcare.

This thesis addresses three distinct, yet interconnected optimization problems, each em-
bodying key aspects of resource allocation, scheduling, and storage management.

In Chapter 2, we focus on a two-stage flexible flow shop with heterogeneous machines
problem for processing perishable products, which presents a challenging scheduling sce-
nario due to both time-sensitive demands and workforce allocation related decisions impact.
Multistage flexible flow shop problems have been extensively studied, as highlighted in the
foundational work of [88] and the recent survey by [106]. The problem arises in a meat
industry, where a set of orders (jobs) is revealed daily and needs to be processed within a
single day, meeting release and due date constraints, together with a maximum given wait-
ing time between the two stages. Key decisions include worker shifts, machine allocation,
and order scheduling, all aimed at minimizing three objectives: the number of unscheduled
orders, weighted tardiness, and production costs. Random Key Genetic Algorithms, as well
as Variable Neighborhood Search ones as introduced in [46], provide a foundation for solv-
ing complex optimization problems. This problem is addressed by developing a heuristic
approach and applying three metaheuristic algorithms—Random Multi-Start (MR), Biased
Random Key Genetic Algorithm (BRKGA), and Variable Neighborhood Search (VNS). A
constraint programming model is also formulated to benchmark the solution quality. Com-
putational experiments show that BRKGA outperforms MR and VNS, offering a more effec-
tive solution to scheduling problems in industries dealing with perishable goods. We further
address this problem in our recent works [17, 18].

Chapter 3 examines the dynamic assignment of multi-skill configurations to servers in
healthcare systems, addressing the need to allocate resources in a way that minimizes tar-
diness while considering patient priorities. We model two different approaches: one that
prevents patients from leaving the system before service is provided, and another that al-
lows patient departure under high waiting times, incurring penalties. While moving from
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the seminal work by [10] on Scenario-Based Planning Approach (SBPA), the novelty of this
chapter lies in the introduction of the Scenario-Based Planning and Recombination Approach
(SBPRA), which balances solutions across multiple scenarios, improving the selection pro-
cess compared to the traditional SBPA. The computational experiments demonstrate a signifi-
cant improvement in the average objective function value with SBPRA, which offers valuable
insights into resource management in healthcare settings where demand and patient priorities
can change dynamically. The practical and theoretical significance of the recombination step
is elaborated in our recent study [19], while earlier versions of this problem were presented
in [5, 16].

In Chapter 4, we focus on a variant of the Storage Location Assignment Problem (SLAP),
which introduces additional complexities by incorporating specific constraints that govern
the placement of items, such as safety regulations and operational restrictions. Specifically,
we address the Storage Location Assignment Problem with Product-Cell Incompatibility and
Isolation Constraints (SLAP-PCIIC), a more complex variant that arises in the context of
pharmaceutical warehouse management. The challenge in this setting is to assign storage
locations to items while respecting product-cell incompatibility (e.g., ventilation, refriger-
ation) and isolation (e.g., radioactivity, toxicity) constraints. The goal is to minimize the
total distance that order pickers travel to retrieve all required items. To solve this problem,
we propose an Iterated Local Search (ILS) algorithm, which is evaluated through extensive
computational experiments using simulated data. ILS algorithms are the subject of the sem-
inal work of [70]. The results demonstrate that the ILS algorithm effectively handles the
complexities of the SLAP-PCIIC and provides significant improvements in the operational
efficiency of warehouse systems. This chapter contributes to the growing body of research
on storage location assignment problems, testing a solution approach for complex logistics
environments, particularly in industries with stringent safety and operational requirements,
such as pharmaceuticals. This research is presented also in [73, 74].

This thesis investigates three distinct optimization problems, each representing an impor-
tant aspect of resource allocation, scheduling, and storage management, while also highlight-
ing the underlying commonality of optimizing systems under constraints and uncertainty.
Despite the differences in application domains and specific challenges, these problems all
require advanced decision-making frameworks that can adapt to variability in real-time.



Chapter 2

Heuristic algorithms for integrated
workforce allocation and scheduling
of perishable products

In this chapter, we address the integrated problem of workforce allocation and scheduling for
perishable products in a two-stage flexible flow shop environment. The aim is to optimize
production planning by minimizing unscheduled orders, weighted tardiness, and production
costs. To solve this complex problem, we propose a constructive heuristic and embed it
within three metaheuristic algorithms: Random Multi-Start, Biased Random Key Genetic
Algorithm, and Variable Neighborhood Search. Details of this work can be found in [17, 18].

2.1 Introduction

Production scheduling along with workforce sizing and allocation constitute one of the most
common classes of problems faced by companies seeking to optimise their manufacturing
system. In production scheduling problems, a set of jobs has to be scheduled in a set of ma-
chines, while in workforce sizing and allocation problems, workers have to be (eventually)
allocated in a set of machines. In both cases, a set of practical constraints has to be satisfied
and a given objective optimised. The scheduling problem becomes even more general and
demanding when integrated with that of workforce sizing and allocation, because the pro-
cessing times of the jobs depend on these decisions, so that the number of workers operating
each machine drastically influences decisions about the jobs to be scheduled.

In this work, we study a scheduling problem faced daily by a meat producing com-
pany, characterised by deterioration-prevention constraints linking the two stages. These
constraints are very common in planning problems of perishable products supply chains.
The company receives daily a set of orders to be produced in a single day. Each order is
associated with a due date and is produced by following up to two stages: in the first stage,
the perishable product (meat) is processed (cut) on a given bench, and in the second stage it
is sent to a conveyor to be packed into disposable trays. To avoid the product deterioration,
the company imposes a maximum waiting time between the processing of an order on the
first stage and its processing on the second. Benches and conveyors can be seen as heteroge-
neous parallel machines, and their productivity depends on the number of workers operating
each of them. The company derives a new production plan daily, comprising the workforce
allocation and the scheduling of operations composing the final orders. The scheduling prob-
lem faced by the company (which has a number of operational constraints that are formally
discussed in Section 2.2) is a generalisation of the well-known two-stage flexible (or hy-
brid) flow shop problem (see, e.g., [40]). The overall problem considers, in lexicographic
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way, the minimisation of the number of unscheduled orders, the weighted tardiness, and the
production costs.

Flexible flow shop problems have been studied for decades. For extensive surveys, see,
e.g., [69], [99], and [106]. There are several well-studied practical variants of these problems,
and in the following we focus on two-stage variants. In [118], a tabu-search algorithm is
proposed to solve a variant of the problem with identical machines that considers sequence-
dependent setup times with the aim of minimising the makespan. In [112], the authors study
how repetitive scheduling influences an environment with a single machine in the first stage
and multiple lines in the second stage. An application related to a sterilisation plant can be
found in [98]. The objective is to simultaneously minimise the makespan and the number of
tardy jobs, with jobs being allowed to be processed in parallel batches. In [67], the authors
study a system with unrelated parallel machines and task tail group constraints, with the
objective of minimising the total tardiness. Nikzad, Rezaeian, Mahdavi, and Rastgar [82]
worked on the assembling of components. Stage one has parallel machines with different
speeds, while stage two has two dedicated lines. After passing the first stage, components
are allocated to a line in accordance with their specifications. The authors combined the
simulated annealing and imperialist competitive algorithms in order to obtain an effective
solution method.

For two-stage flexible flow shops, Yu, Huang, and Lee [131] studied the impact of deter-
mining the number, composition, and allocation of batches, besides the scheduling of batches
to minimise the total tardiness. The authors combined an integer linear programming model
with iterative algorithms to obtain high quality solutions. The work in [55] proposes differ-
ent solution methods for environments composed of a single machine either in the first or
in the second stage. In [121], the authors propose an integer linear programming model and
metaheuristics to solve a problem from the glass-ceramic industry, with objective of min-
imising the makespan and energy consumption. [107] studied a two-stage flexible flowshop
problem with batch processing machines and jobs with unequal release and due dates. The
authors present a mixed integer programming model and propose a hybrid stage-based de-
composition with neighborhood search to solve the problem. Evolutionary algorithm (EA)
approachs for solving manufacturing scheduling problems has been addressed since some
decades ago, leading to valuable results, as pointed out in [44]. In the last years, EAs are
still employed and explored in addressing scheduling problems, also with stochastic mod-
els. In [43], a dual-objective stochastic hybrid flow shop deteriorating scheduling model is
established, with the objectives of minimising makespan and total tardiness. Then, a hy-
brid multiobjective EA is proposed and compared with another multi-objective EA from the
hybrid flow shop scheduling literature.

A preliminary version of the current paper has been published in the proceedings of
APMS 2021 [15]. The preliminary work proposes a constructive heuristic, which is em-
bedded within a Random Multi-Start Algorithm. The current work represents an extended
version of the preliminary paper, with a number of additional contents, including: a de-
tailed description of the problem; two additional metaheuristics (i.e., a Biased Random Key
Genetic Algorithm and a Variable Neighborhood Search based one) that embed a lighter al-
though structure-preserving constructive heuristic than the one proposed in [15]; a Constraint
Programming model that provides a lower bound (and possibly an optimal solution) on the
primary objective of the scheduling problem; and an extension of the instance set that allows
for a much broader computational study.

The remaining of the paper is organised as follows. Section 2.2 provides a formal descrip-
tion of the problem. Section 2.3 presents the constructive heuristic. Section 2.4 describes the
three proposed metaheuristic algorithms. Section 2.5 outlines the Constraint Programming
model for the scheduling problem. Section 2.6 provides the results of the computational ex-
periments. Finally, Section 2.7 presents concluding remarks and some directions for future
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researches.

2.2 Problem description

In this section, we present a detailed description of the problem. The company receives a set
O of orders to be scheduled in a workday, by following several operational constraints in a
two-stage production environment. Each order is expected to be produced before its due date,
which corresponds to the time in which it has to be shipped to its final destination. Then, the
problem is to determine the workforce and production schedule of a workday.

A workday.

A workday is defined over a time horizon of 24 hours (discretised into minutes) and has a set
P of disjoint working shifts. In our case study, the number of shifts is limited to two, i.e.,
|P| < 2. The problem input related to a workday consists of:

o sTN §MX ¢ 7 minimum and maximum start time of any shift;

o MM M ¢ 7 : minimum and maximum end time of any shift;

o [min [max c 7. . minimum and maximum duration of any shift;

. w:)"i,?,wgq‘}f € Z: minimum and maximum number of workers at stage k € {1,2} in

shift p € P.

A first set of decisions involves the number |P| of working shifts, as well as, the start time
S’F‘) € [s™",s™*], end time E'g € [e™",e™™] and number of hired workers Wé‘ € woies w1 N
Z., for each shift p € P and stage k € {1,2}. Operational constraints related to a workday

are:

Ej— Sy € [1™" 1™, Vp e P,k e {1,2}, (2.1)
(S8, Ex, 1N (S5, Ex,] =0, Vp1,p2 € P,py # pa,k € {1,2}, (2.2)

where constraints (2.1) impose the minimum and maximum duration of each shift, and con-
straints (2.2) impose that shifts are disjoint.

A shift in a workday.

After deciding the duration and number of workers for each shift, production-related deci-
sions must be made. The production in each shift is composed by two stages. Each stage
k € {1,2} has a set M of heterogeneous parallel machines whose speed is variable, where
My N M, = 0. For each m € M = M, U M,, we receive in input:

o wi™ wid € Z . : minimum and maximum number of workers that can operate ma-
chine m.

We assume workers have the same efficiency and the speed of each machine m € M is
proportional to the number of workers operating it. Machines speeds are thus not given
in input, but rather used a priori to compute the processing times of all orders (described
next). Workers cannot be reallocated to different machines during a shift. In our case study,
first-stage machines M| are benches on which the meat is prepared, whereas second-stage
machines M, are conveyors where the products are distributed to be packed into disposable
trays that finally receive a stamp with the product information. Besides, some orders must be
processed in a single stage, whereas others must be processed (sequentially) on both stages.
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Decisions internal to a shift p € P consist of determining the number W, € [wmin ypmax]

7. of workers operating each machine m € M and, for each order o € O, deciding whether
o is processed in p, which is indicated by a binary variable B,y € {0,1}. The following
constraints must be satisfied:

Y Wap < Wy, Vp e Pke{l,2}, (2.3)
me M

Y By <1, Yo € 0. (2.4)
pEP

Constraints (2.3) limit the number of workers operating machines in each shift and stage,
whereas constraints (2.4) impose that each order is processed in at most one shift (some
orders may be left unscheduled).

Details on the production in a shift.

Now we provide details on the order scheduling in each shift. For each order o € O, we
receive in input:

e d, € Z,: due date;

o 1, € Z4: release date;

* g, € Z: net weight;

o yo: disposable tray type;

o yoP: stamp type;

o yi%: raw product type;

o Pomw € ZU{+oo}: processing time in machine m, given w operating workers;

o X, C {1,2}: the set of stages in which o must exactly be processed in order to be
scheduled, depending on the preparation type;

o M, C M: set of machines in which o can be processed.

Processing times are computed a priori based on machine speeds, worker efficiency, and
orders’ net weight and raw product type. There is a buffer (assumed to be of unlimited size)

between the two stages. Hence, the problem input proceeds with:
o fpit . € Zy: maximum waiting time that any order can remain in the buffer (to preserve

the product quality);

oty € Zy U{+eo}: transportation time between each machine m; € M of the first

stage to every machine m, € M, of the second stage;
Each machine m € M has setup times, given in input:
o sV € Z: first-stage setup time whenever the raw product is changed;
tra

un” € Z,: second-stage setup time whenever a different tray is required;

o upl e Z.: second-stage setup time whenever a different stamp is required.
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Notice that, to facilitate problem comprehension, we allowed processing time for a given
order, machine and number of workers to be infinite in some cases, e.g. when the produc-
tivity of o on the machine is null (this is always the case if the machine belongs to a stage
which is not in %, but it may also happen when the product type is not compatible with the
machine), or there are no workers operating the machine. Also 7", is allowed to be infinite,
meaning that it is not possible to transport any product to my departing from m;. From the
implementation side we choose, for each order, to remove from the set of its available ma-
chines those with associated infinite processing time and second stage machines with infinite
transportation time with respect to the first stage machine chosen. The last decisions are to
determine the start time SX € Z, end time EX € Z, and processing machine M € M, NN,
of each order o0 € O in stage k € %X,. Then, constraints related to the order-scheduling in a

shift p € P and for each o € O such that B,, = 1, are the following:

Sk <r,<Sk<El<E}, Vk € K, (2.5)
(MX =mand Wy, =w) = EX S5 > pom, Vk € %, (2.6)
(%, = {1,2} and M} = m; and M? = m;) —

,55‘;“};2 < S2 E1 < touters VYmy € My, my € M,. (2.7)

In addition, for each p € P and for each 01,0, € O such that B,,, = B,,p = 1, we have
the following:

(1 6 %1“%)27 oZ’andyraW#yraw)

Sy >E,) +umw or S; >E, gy (2.8)
(2 € K, N K, , My, = M7, and yi¥ #y5) =

Se, > E;, +ut“‘y or$2 >E2 + ;f;zy, (2.9)

(2e %K, N ?(oz,M2 —M2 and yiP # yoP) =

02
S2 > E2 +u“P or 2 > E2 +u)) . (2.10)
M,

Constraints (2.5) impose that any order o that is scheduled in p must be processed within
the shift operating time, and that the release date of o is satisfied. Constraints (2.6) model
the processing times of the orders. Constraints (2.7) impose the transportation time between
the first and the second stage, and the maximum waiting time that each order can remain in
the buffer. Constraints (2.8), (2.9), and (2.10) guarantee that setup times are satisfied. We
remark that constraints (2.5) and (2.7) limit the choice of the second stage machines to those
having finite transportation time from the machine chosen on the first stage.

Overview.

Summarising, the decisions of the overall problem involve the distribution of the working
shifts, the number of workers on each shift, the number of workers operating each machine
in each shift, and the production scheduling of the jobs. The quality of a solution is measured
by three objectives to be minimised according to a lexicographic order. The first objective
minimises the total number of unscheduled orders TUS (-):

TUS () = min(|O| — ZZBOP

oc0pe?P
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The second objective minimises the total weighted tardiness of scheduled orders TWT (-):

TWT(-) = min ) B,T,qo,

oc0

where T, = max{0, maxe, {ES} —d,} is the tardiness of order 0 and B, = ¥pc p Bop. The
tardiness weight of an order is the corresponding order net weight. The third and last objec-
tive minimises the total production cost TPC (-):

TPC()=min ) Y (E5—S5)Wyc",
pePke{1,2}

where c* is the wage per unit of time of a stage-k worker, given in input. The company has
additional production-related costs that are fixed, and so, we choose not to formally include
them in the objective. In addition, although machine setups are not formally included in the
objective, they are highly disliked by the company and it is always preferable to keep their
number as small as possible. This aspect is directly treated within the heuristic algorithms
proposed in the next section.

Figure 2.1 depicts an example of the production system. Each first-stage and second-
stage machine is associated with a number of workers. As in the real system, benches 1
and 4 are directly connected to the first and fourth conveyors, so the meat processed in these
benches cannot be reallocated to other conveyors, nor stay in the buffer. Since benches 2 and
3 are not directly connected to conveyors, their processed meat go to the buffer, to later be
distributed to any of the conveyors.

FIGURE 2.1: An illustrative example of the production system: four

benches and four conveyors, each with a varying number of operating

workers. First bench is connected to the first conveyor and the fourth

bench is connected to the fourth conveyor. The remaining benches
and conveyors are not connected between each other.

BIE®)

bench 4

2.3 Constructive heuristic

This section describes the constructive heuristic we propose to solve the problem with a
fixed number Wé‘ of workers for each stage k € {1,2} of each shift p € 2. This heuristic is
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embedded within the metaheuristics described in Section 2.4, which are also responsible for
iteratively attempting different values for Wé‘ .

2.3.1 Overall Algorithm

The overall structure of the constructive heuristic is presented in Algorithm 1. The algorithm
uses a function, called schedule, which schedules a set of orders to a shift with workers
already allocated to machines, and considers a list £ of priority coefficients that is used to
minimise tardiness.

Algorithm 1: Overall constructive heuristic

Input: (Sequential) set of orders O and number of workers Wé‘ for each stage
k€ {1,2} and shift p € P
(p3,p5) < empty solution

—_

2 L'+ (0,0,...,0)

3 Assign workers to machines of the first shift by considering a workload
balance

4 for i< 1,...,Ilj;y do

5 | p1+¢ schedule(O,L")

6 O’ <= O minus the orders scheduled in shift p;

T | L2+ L]

8 Assign workers to machines of the second shift by considering a workload

balance

9 for j < 1,...,I1j;y do

10 P2 < schedule (0, L?)

11 if (p1,p2) has better objective value than (p7],p5) then

12 L (P1:P3) < (P1;p2)

13 if there is tardiness in shift p, then

14 L Increase priority coefficients in £? of all tardy orders

15 else

16 L Break the loop

17 if there is tardiness in shift p; then

18 L Increase priority coefficients in £! of all tardy orders

19 else

20 L Break the loop

21 return (pj,p3)

In the beginning of the algorithm, the first-shift workers are allocated to machines by
means of a function that considers a balance of the workload. After creating the schedule for
the first shift, the workload based function is used again to allocate the second-stage workers
to the machines. Then, the remaining orders are scheduled in the second shift. During the
process of creating a schedule for a shift, we produce up to I} different schedules, which
are iteratively obtained by updating a list £ and calling the function schedule. Recall that
L is used within schedule as an order-priority quantifier. In this way, in order to avoid
tardiness, L is updated by increasing the priority coefficients of tardy orders in the current
schedule.

The start time of a given shift is set as the minimum possible start time among the start
times of first-stage machines that can be used in the shift. Workers are assigned to machines



Chapter 2. Heuristic algorithms for scheduling of perishable products 11

proportionally with the expected workload. The expected workload for a given machine m is
calculated by adding 1{,’;{—’;{,}0 for each order that can be processed on machine m, where NAM,
is the number of admissible (i.e., compatible) machines for the product associated with the

order o.

2.3.2 Details on the schedule Function

Algorithm 2: schedule (O, L)

Input: (Sequential) set of orders O and £ € Z/°

1 p < empty solution

2 Oy < O.getUnscheduledOrders()

3 My <+ M.getAvailableMachines|()

4 while My # 0 and Oy # 0 do

5 L2 + L.getPriorityCoefficients0fSecondStageOrders(Oy)
6

7

8

9

I, < max {L[zj}
O], < Oy.getFirstStageOnlyOrders()

(p, Oy) - tryScheduleOrders0fPriorityOnBestMachine(Oy, L)

d, < min{Oy.getDueDates0fSecondStageorders()}

10 (p, Oy) +— tryScheduleFirstStageOnlyOrdersEarlierDueDate(0),,d;)
1 m? . < getEarliestAvailableSecondStageMachine()

12 (Obest M o) < getBestOrderAndFirstStageMachine(Oy, m%est)

13 (p, Oy, My) + tryScheduleOrderOnMachines(obest,mlloest,m%est)

14 if 0pest € Oy then

15 O}, < Oy.getSimilarOrdersToOrder(opest)

16 O], < O,.sortByDominanceCriteria()

17 for 0 € O}, do

18 mi .. < getBestFirstStageMachineToScheduleOrder (o)
19 L (p, Oy, My) + tryScheduleOrderOnMachines(o,m| ., m? )

20 return p

Function schedule (O, L) schedules orders in O to a shift that is already set (i.e., its
time window is already fixed and workers are already allocated to machines). The list £ has
a priority coefficient /, for each order o € 0. The algorithm iteratively schedules orders
based on dominance criteria, and it halts either when all orders are successfully scheduled
or no more orders can be scheduled to the current shift (i.e., when machines are all closed).
The algorithm prioritises first-stage-only orders (i.e., those with K = {1}), due to structure
required by the company, which imposes that first stage production starts considerably earlier
than the second stage one and maximum waiting-time constraint is easily found to be violated
at the beginning of the shift. For this reason, we consider a special type of prioritisation of
first-stage-only orders, focusing only on those (if any) whose priority coefficient in L is
strictly higher than any other unscheduled order that must be processed on the second stage
and those (if any) whose due dates are strictly earlier than all other unscheduled orders. To
determine the scheduling sequence of first-stage-only orders, the first dominance criterion is
their priority coefficients in £ and the second one is the order sequence in O (tie-breaker).
The dominant order is scheduled to the first-stage machine minimising the order completion
time.

At any iteration in which no more first-stage-only orders satisfy their scheduling condi-
tions stated above (concerning maximal priority and minimal due-date), the algorithm pro-
ceeds by scheduling both-stage and second-stage-only orders. First, the algorithm chooses
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a second-stage machine with earliest available time, then it chooses a candidate order, and,
if this is a both-stage order, the first-stage machine selected is the one with earliest available
time and that satisfies time-horizon feasibility constraints. If no such machine exists, the
order is not listed as a candidate one. Then, we choose among candidate orders the dominant
one by following an extensive list of dominance criteria. The first criterion is whether the
next order will create a stamp-setup in the second-stage machine. These setups are the less
desired by the company, and this strategy helps to avoid them. The second criterion chooses
all non-dominated orders with the highest priority coefficients in L. The next dominance cri-
terion keeps only orders with earliest-possible start time in the second-stage machine chosen.
The fourth criterion prioritises orders with earliest due-dates. The next criterion prioritises
all remaining second-stage-only orders, if any is still non-dominated, otherwise, it priori-
tises both-stage orders that are of the same raw product as of the bench with earliest-possible
start-time. This choice helps to minimise raw-product related setups. Finally, if there are
still more than one non-dominated order, the last dominance criterion breaks tie by selecting
the earliest order in the sequence of O given in input. This tie-breaking criterion based on
the order sequence is further exploited with randomisation by the metaheuristics described in
Section 2.4.

2.4 Metaheuristics

In this section, we describe the three developed metaheuristics: the Random Multi-Start Al-
gorithm, the Biased Random Key Genetic Algorithm, and the Variable Neighborhood Search
based one. Each metaheuristic uses as underlying constructive algorithm the one described
in Section 2.3, and as a stopping criterion a time limit 7.

2.4.1 Random Multi-Start Algorithm (MR)

The first algorithm we implemented is the Random Multi-Start Algorithm (MR). MR is a
metaheuristic widely used in real case studies to find good quality solutions in a reasonable
time. Among the advantages that this algorithm offers, we certainly appreciate the simplicity
and immediacy of implementation. At each iteration: (1) a vector of four elements is ran-
domly generated representing the number of workers on the first and second stages in the first
and second shifts, and (2) a shuffling of the vector of orders is made. The resulting vectors
are then given as input to the constructive algorithm. The solution thus obtained is compared
with the incumbent solution: if the current solution is better than the incumbent one, then the
incumbent one is updated.

2.4.2 Biased Random Key Genetic Algorithm (BRKGA)

Genetics-based algorithms had been successfully used since many decades ago in a wide va-
riety of combinatorial optimisation problems, including scheduling problems [46]. Genetic
Algorithms (GAs) are metaheuristics based on Darwinian evolutionary principles of species.
Classically, GAs are used to search for optimal or near-optimal solutions through the evo-
lution of a population, based on the biological criterion of ‘survival of the fittest’. Initially,
a population of Npop individuals, i.e., solutions encoded in a vector s of real components
(alleles) representing their chromosome, is generated. Each individual s is associated with
the value of a fitness function @ (s) which places it in the social hierarchy of the current
population. It follows that if the fitness function and sorting criteria are consistent with the
definition of the objective function, the elite population represents the set of best solutions
for the problem. To construct the next generation, a subset of parents of the current popula-
tion is selected, from which pairs of individuals are extracted. The child of a couple inherits
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part of the alleles from one parent and the remaining part needed to complete a chromosome
from the other. Each genetic algorithm has mechanisms of both diversification, such as the
introduction, at each generation, of a certain number of mutants, and intensification, aimed at
preserving the part of the population hierarchically highest according to the fitness function.
In the Random-Key Genetic Algorithm (RKGA), each solution is encoded as a random vec-
tor s € [0, 1)". In the Biased Random Key Genetic Algorithm (BRKGA), a bias is introduced
in the choice of one parent always from the elite set, while the other is randomly chosen
among all the non-elite population. From couples of chosen parents a new set of chromo-
somes (offspring) is generated. The offspring chromosome is composed by choosing, allele
by allele, with a certain probability p, the allele from the elite parent. In each subsequent
generation, the elite set is totally preserved from the previous generation as a p, percentage
of ‘best’ individuals. A percentage p,, of mutants is introduced, and the remaining part of
the population (offspring) is generated from mating parents as just discussed. Thus, raising
the pu, Npop, and p, thresholds leads to an intensification of the local search, while raising p,,
imposes a diversification threshold in the local search.

In our framework, each chromosome needs to encode both the information about the
sequence of orders to be processed and a 4-component vector establishing the number of
workers for the first and the second shift on the first and the second stage (n = |O| +4). In
both cases, the random vector s € [0,1)" (chromosome) with which a solution is encoded is
used as ranking for re-sorting the sequence of orders given in the input file for the constructive
algorithm. Evaluation of the given chromosome is done by using a fitness function @ (-)
defined as:

P (s5) =71 TUS (5) + . TWT (s) +y3TPC (s), (2.11)

where weights y; are used in consistence with the original lexicographic objective func-

tion, satisfying y; >> y» >> 3. With respect to the magnitude order of our data, we set
=10%n=1y1=10"*

Y1 12 » 13 .

2.4.3 Variable Neighborhood Search (VNS)

The VNS metaheuristic is based on a systematical change of problem-dependent neighbor-
hoods. It sequentially visits each given neighborhood, while following three basic sequential
steps. In the first step (shaking), randomised operations based on the current neighborhood
are used to derive a new solution starting from the current reference solution (i.e., the in-
cumbent solution). In the next step, a local search is used to improve the solution from the
previous step. Finally, in the last step (move or not move), if the solution obtained with the
local search step is chosen to become the new incumbent solution, then the search returns to
the first neighborhood; otherwise the search moves on to the next neighborhood [78].

The implementation of our VNS based metaheuristic uses four types of neighborhoods:
(1) generate a vector with four number of workers (first and second shifts, first and second
stages) chosen randomly within the range given by the constraints; (2) randomly select a
subsequence of length at most k& within the order vector and randomly change the positions of
the elements of the subsequence; (3) randomly select a subsequence of length at most k£ within
the order vector and reverse the positions of the elements of the subsequence; (4) randomly
select a subsequence of length at most k£ within the order vector, and another random outer
element, and insert the subsequence before that element. In the shaking step, starting from
an initial solution, a solution belonging to the neighborhood of type N is generated, where N
starts as the neighborhood of type (1). In the move or not to move step, the solution found
and the incumbent one are compared according to the lexicographic objective function, and
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if the solution found is better than the incumbent one, then the incumbent solution is updated
and the process restarts from the neighborhood of type N = (1), otherwise it changes the
neighborhood, switching to the next one and continues up to neighborhood N = (4). The
local search step is applied only after passing through all four neighborhoods. This step
consists in generating k more solutions in a neighborhood of type (4). We save the best
solution obtained from the local search step if it is better than the best one, and the VNS
based metaheuristic restart from the first neighborhood.

2.5 Constraint Programming model (CP)

In this section we define a Constraint Programming (CP) model resulting from the pure
scheduling problem (i.e., with workers fixed on machines) described in Section 2.2. The
main motivation of deriving such CP model is to evaluate the quality of the scheduling com-
putation inside the constructive algorithm. Computational results regarding this evaluation
are later reported in Section 2.6.3.

The CP model consists of interval variables xg_ m
of order o0 € O on stage k € K and machine m € M within the shift p € . These are optional
interval variables, meaning that their domain can be either the empty set (i.e., they are not

present), or an interval with integer extremes, as explained in constraint (2.12).

representing the processing operation

DomainOf (xg_’kvm) C{0}U{[s,e): s<e;s,ecZ}, (2.12)

where s = Start (xs k_m) and e = End (xS km). In addition, the following constraints must
hold for each shift p € P.

For each o € O, for each k € K and for each m € M, the following must hold if 2 s

0,k,m
present:

Start <x57k7m) > max {ro,S’F‘,} ,
p k
End (xmk’m) < Ep,

End (xsﬂk m) —Start (xs km) = PS m (2.13)

For each 0 € O such that &, = {1,2}:

Z PresenceOf <x51m> = Z PresenceOf (x2727m> . (2.14)
meM meM

For each o € O such that &, = {1}:

Z PresenceOf (XS.Z,m> =0. (2.15)
meM /

For each o € O such that &, = {2}:

Z PresenceOf (xg.hm) =0. (2.16)
meM /



Chapter 2. Heuristic algorithms for scheduling of perishable products 15

For each 0 € O and for each k € X:

Z PresenceOf (ngk m) <1. (2.17)
p'eEP, meM /

For each o € O such that %;, = {1,2}, for each m; € M, and for each m; € M,, the following

must hold if both xS 1m, and xgz m, Are present:

trans P P
tny.m, < Start <x0,2,m2> —End (xo,l.,mu) < touifer- (2.18)

For each 01,0, € O, for each k € K, and for each m € M:

1,k,m2 7 0g,k,m?

NoOverlapWithIntervalGap (xg xP SetupTime, (01,02)> . (2.19)

Constraints (2.13) limit the interval variables extremes s and e, due to the release date r,
and processing time pg!k ., Of the order and the opening and closing time for each stage on

each shift (S’; and Er];’ respectively). Constraints (2.14), (2.15) and (2.16) define the meaning
of preparation type for scheduled orders: both-stage preparation, first-stage-only preparation
and second-stage-only preparation, respectively. Constraints (2.17) state that each order must
be scheduled at most once on each stage, on at most one machine and in at most one shift.
Constraints (2.18) set the interval variables extremes limitations for both-stage preparation
orders, due to the transportation time " and the maximum waiting time between stages
tot.. for the quality preservation of the product. Finally, constraints (2.19) ensure both the
non overlapping of orders on the same machine and the setup time compliance, where the

setup time needed is defined as follows:

™, if k= 1 and y2v £ yaw,

', if k=2 and (yo # Yoy and 5" = yo3"),
SetupTimey, (01,02) = { u'™, if k=2 and (yp! = ybr and yor~ # yos¥),

max {u"P u"™} ) if k=2 and (yf,t,p £ yf,tzp' and yﬁff‘ Y £ yf,rza N,

0, otherwise.

For the implementation of the NoOverlapWithIntervalGap function, we use in practice
the global constraint /loNoOverlap implemented in the IBM ILOG CP Optimizer, giving as
input the list of all orders of a given stage, machine, and shift, rather than having a constraint
for each pair of interval variables as described in the model above. For the setup times, we
combine the use of lloIntervalSequenceVar and IloTransitionDistance by a straighforward
implementation, as the one that can be found in the CP Optimizer’s reference manual.

2.6 Computational experiments

We propose computational experiments, whose goals are: (1) studying the impact of Il
parameter in the performance of the heuristic, and (2) making a comparison among the three
developed metaheuristics. For that, we implemented the constructive algorithm and all meta-
heuristics in C++. All tests were executed in a computer with an Intel Xeon CPU E3-1245
v5 processor at 3.50 GHz and 32 GB of RAM. To solve the CP model, we use the CP Op-
timizer package present in IBM ILOG CPLEX Optimization Studio 12.10. The first test set
was based on an initial set / of realistic instances, with |I| = 35, which consistently extends
the set of 12 instances used in [15]. Each instance represents one day of production at the
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company. Some randomisation was applied to all instances in order to meet the company’s
privacy requirements.

Since the BRKGA has many parameters, in order to calibrate their values, instead of a
trial and error approach, we used the irace (iterated racing for automatic algorithm configu-
ration) package [72], choosing among small, medium, and large-sized realistic instances from
set /. The following parameter ranges were provided in input to irace: Npop € {10,11,...,150};
pe €[0.1,0.3]; py, € [0.2,0.7]; and p, € [0.5,0.8]. Therefore, according to irace, the follow-
ing values produce overall good solutions: Npop = 66; p. = 0.13; p,, = 0.55; and p, = 0.79.

The first experiments, presented in Section 2.6.1, study how the I} parameter affects
the constructive algorithm in terms of solution quality and time. These tests allow both a
tuning of the I} parameter for all three metaheuristics and to select a subset I’ C I with
|I'| = 23 of harder instances. Set I’ is defined by excluding from I instances in which a
single run of the constructive algorithm manages to produce solutions with no unscheduled
nor tardy jobs. The second test set is to analyze the performance of the three metaheuristics,
under time limits of T € {60,300,600, 1200} seconds.

2.6.1 Tuning of Ilj;s; parameter

We run the first set of experiments to determine a good I} value. The results are sum-
marised in Tables 2.1 and 2.2. The evaluation metrics considered are the computational time
time (in seconds) and the three components of the objective function, i.e., the total number of
unscheduled orders, TUS, the total weighted tardiness, TWT (in minutes per kilograms) and
the total production cost, TPC (in euros). After preliminary experiments, especially regarding
computational time, we have reduced the values under consideration for the I}y parameter
to {1,5,20,50}. Table 2.1 presents the absolute values of evaluation metrics obtained with
I}t = 1. The table shows that a single run of the constructive algorithm requires on average
0.05 seconds, which is a reasonably small time, given the complexity of the problem.

TABLE 2.1: Results of a single run of the constructive algorithm with
Il = L.

Instance |O| time TUS TWT TPC

101 168 0.05 0 395 8385
102 158 0.05 3 52533 11012
103 194 0.06 8 304544 11123
104 253 0.06 0 48485 8151
1
4
0

105 169 0.05 41284 9905
106 176 0.05 86509 11406
107 153 0.05 15308 11058
108 164 0.05 4 105855 10552
109 207 0.06 10 247040 11687
110 194 0.06 26 367463 11006
111 189 0.06 19 569142 11615

112 160 0.05 0 434 8050
113 178 0.05 13 0 6726
114 180 0.05 8 0 7285
115 183 0.05 8 0 8041

116 201 0.06 10 149380 10953
117 267 0.07 8 76821 10362
118 102 0.04 2 416 5906
119 154 0.05 0 159194 10205
120 145 0.04 0 786 7400
121 141 0.04 0 13732 6598
122 127 0.04 0 8437 6920

123 151 0.05 1 132505 10105

Average 0.05 5.43 103489.70 9323.97
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Table 2.2 presents the relative percentage results obtained with Ty = {5,20,50} com-
pared to ITjis; = 1. For each metric v = {TUS, TWT,TPC} , we define vy, 11, as:

Vi — V1
V%, iy = \1,1 )
while we denote by time, the computational time ratio obtained with any I} value with

respect to 1, i.e.:
, timer,
timerm, = ———
time;

Table 2.2 shows that increasing I} from 1 to 5 causes both a significant increase in
computational time and a marked improvement in the solution quality, especially in terms
of unscheduled jobs. Also, the improvement for objective function parameters is less im-
pressive with higher values of Iy, while computational time increases considerably. These
observations motivate the use of Il = 5 for the subsequent tests.

TABLE 2.2: Impact of Ij;s¢ parameter on a single run of the construc-
tive algorithm.

time, TUS% TWT% TPC%
5 20 50 5 20 50 5 20 50 5 20 50

101 168 1.5 2.0 3.0 0.0 0.0 0.0 -100.0 -100.0 -100.0 3.9 3.9 3.9
102 158 1.2 2.0 3.8 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
103 194 4.0 10.0 22.8 -25.0 -37.5 -37.5 -229 -38.9 -389 -0.2 0.2 0.2
104 253 3.7 6.0 9.3 0.0 0.0 0.0 -99.4 -100.0 -100.0 2.1 3.2 3.2
105 169 1.8 26 34 0.0 -100.0 -100.0 -33.4 -100.0 -100.0 3.9 13.4 13.4
106 176 2.2 46 94 -75.0 -75.0 -75.0 -23.4 -23.4 -234-15 -1.5 -1.5
107 153 2.8 4.8 838 0.0 0.0 0.0 -100.0 -100.0 -100.0 2.0 2.0 2.0
108 164 3.0 46 7.8 -25.0 -50.0 -50.0 -100.0 -99.1 -99.1 0.8 4.7 4.7
109 207 3.3 9.2 21.0 0.0 0.0 -10.0 0.0 0.0 -485 0.0 0.0 -1.4
I10 194 34 94 210 -7.7 -77 -7.7 -202 -20.2 -202 14 14 14
111 189 2.8 6.4 14.0 0.0 0.0 0.0 -473 -473 -473 19 19 19
112 160 1.5 1.8 20 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
113 178 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
I14 180 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
I15 183 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
I16 201 2.3 5.0 10.2 -20.0 -20.0 -20.0 -90.0 -99.2 -99.2 -1.3 -0.6 -0.6
I17 267 5.7 61.1 350.4 0.0 0.0 0.0 -729 -7T4.7 -747 24 24 24
118 102 1.5 1.8 2.5 -100.0 -100.0 -100.0 -100.0 -100.0 -100.0 5.0 5.0 5.0
119 154 2.8 6.0 125 0.0 0.0 0.0 -61.2 -62.9 -62.9 -4.5 -5.5 -5.5
120 145 1.8 1.8 1.8 0.0 0.0 0.0 -100.0 -100.0 -100.0 -1.7 -1.7 -1.7
121 141 15 15 1.5 0.0 0.0 0.0 -100.0 -100.0 -100.0 -0.8 -0.8 -0.8
122 127 15 15 1.5 0.0 0.0 0.0 -100.0 -100.0 -100.0 -1.5 -1.5 -1.5
123 151 4.0 35.3 195.3 -100.0 -100.0 -100.0 -35.6 -40.5 -40.5 -2.6 -3.5 -3.5

Average 2.40 7.83 30.65 -15.3 -21.3 -21.7 -52.5 -56.8 -58.9 0.4 1.0 0.9

Inst. |O]

2.6.2 Evaluation of metaheuristics

Next, we discuss the results of the experiments that evaluate the performance of all meta-
heuristics under different time limits. Tables 2.3, 2.4, 2.5, and 2.6 show the results from all
metaheuristics under a time limit of 60, 300, 600, and 1200 seconds, respectively.

Regarding the first objective, which has the highest priority, the BRKGA obtained better
(or equal) average results than the other two metaheuristics, for all time limits under consid-
eration. When compared to the average results of a single run of the constructive heuristic
(5.43 unscheduled orders), the results of all metaheuristics represent a good improvement
already under 60 seconds of time limit.

The second and third objectives cannot be compared between different algorithms or
time limits directly by the average results of all instances, since an improvement in the first
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objective value often implies on worsening the second and third objectives values. This can
be observed in Table 2.3, e.g., when comparing the BRKGA with the other algorithms, in
instances 102, 109, and 110. However, other cases, as in instance 103, the first objective has
been improved together with the second and third ones.

Similarly to what happens for the intra-method comparison with the same T, we can
observe that there is no assurance of an improvement for the second and third objectives as
T increases. Nevertheless, for both BRKGA and VNS based algorithm, we note that this
improvement occurs both on average and point-wise in many cases. As for the BRKGA,
we get improvements on the average TWT for each time limit transition, apart from when
switching from T = 600 to T = 1200, while point-wise speaking there is an improvement
in all cases except for 108 (60-300), 110 (600-1200), and 111 (60-300). Furthermore, the
VNS improves on average the TWT on each time limit transition, apart from the switch from
T =300 to T = 600, while point-wise speaking there is an improvement in all cases except for
102 (60-300), 110 (600-1200), and 111 (300-600). For TPC we can see many improvements
when raising T as well, but with respectively 9 and 6 exceptions for BRKGA and VNS. These
results lead us to claim that these two algorithms succeed in handling all the three objective
parameters, even if they have different importance.

In general, the BRKGA obtained the best average results. This algorithm obtained the
best results for the first objective, being dominant in the first three tables, and having drawn
with MR in the last table (Tt = 1200). In addition, for time limits 600 and 1200, BRKGA
obtained the best average results also for the second and third objective, providing a clear
overall dominance when a large time limit is allowed.

Since production planning takes place on a daily time horizon and it is possible that
the decision process must be carried out more than once, being subject to variations on the
availability of workforce and orders requested, we suggest the value of the parameter T = 600.
Indeed, the improvement in the transition from T = 600 to T = 1200 is not high enough to
justify the additional time spent.

Table 2.7 summarises the quantitative and qualitative comparison between the three algo-
rithms. Let 6 € {BRKGA,MR, VNS}. For each 1 € I', there is a best algorithm Gpeg on that
instance according to the objective function lexicographic minimisation procedure. We have
in columns ‘Count of Best’ the number of times that an algorithm achieves the best solution
on the instance set I’. We write Vg, ., for the value of the best algorithm solution for that given
instance 1 for the parameter v € {TUS, TWT, TPC}. For each instance we write V¢,  for the
relative gap from the best solution found for that instance by one of the three metaheuristics,
Le.:

Vo () = Vou, (1)

Vet (1)

As a consequence, values for Vg, 5 close to zero mean proximity to the best algorithm (neg-
ative values meaning improvement on that parameter of the best algorithm, while positive
values mean a worsening). Then we denote by Ve,  the average gap of the parameter v from
the best solution for a given algorithm ©, taking from all instances solutions, i.e.:

Voo (1) =

I
||

Y vas ().

el

Voo 6 =

As we can see, BRKGA succeeds in achieving the best results 13 times out of 23, on
average, never ever dropping below 12, which is more than 50% of the instance set. Besides
that, the average gap from best is the lowest among the three algorithms for any of the objec-
tive function parameters. Also, we mention VNS as a competitive approach, providing the
best results on average for 8 instances.
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Motivated by all the previous considerations, we suggest the BRKGA, with Il = 5 and
T = 600.

TABLE 2.3: Metaheuristics results with T = 60.

TUS TWT TPC
Instance |O|

BRKGA MR VNS BRKGA MR VNS BRKGA MR VNS
101 168 0 0 0 0 0 0 7855.8 7918.9 7808.9
102 158 0 1 1 703 0 0 11548.9 10740.0 10693.5
103 194 0 1 1 0 5296 3967 11295.3 11371.3 11508.7
104 253 0 0 0 0 0 0 7785.8 7779.9 T751.7
105 169 0 0 0 0 0 0 9365.4 9446.0 9480.4
106 176 0 0 0 0 0 293 11376.2 11278.8 11258.4
107 153 0 0 0 0 0 0 10610.8 10801.4 10588.0
108 164 1 1 0 0 0 130204 10151.9 10261.6 11874.5
109 207 3 4 4 249195 209328 175298 11546.7 11450.1 11313.8
110 194 10 11 11 327513 239432 182228 11369.3 11534.2 11791.1
I11 189 13 13 14 259382 262702 205462 11163.9 11509.0 11181.8
112 160 0 0 0 0 0 0 7035.8 6994.0 7067.4
113 178 13 13 13 0 0 0 6387.7 6500.3 6338.9
114 180 8 8 8 0 0 0 6248.6 6344.4 6281.6
115 183 8 8 8 0 0 0 7405.3 7504.7 7301.9
116 201 8 8 8 0 0 0 9520.6 9642.2 9242.7
I17 267 8 8 8 0 0 0 9239.5 9355.5 9369.3
118 102 0 0 0 0 0 0 4181.8 4400.0 4251.4
119 154 0 0 0 15175 23257 11724 9522.0 9351.0 9696.4
120 145 0 0 0 0 0 0 6747.9 6873.1 6805.7
121 141 0 0 0 0 0 0 6265.2 6357.4 6319.7
122 127 0 0 0 0 0 0 6174.1 6355.3 6365.9
123 151 0 0 0 7409 13148 11154 9713.9 9487.4 9644.8
Average 3.1 3.3 3.3 37364.2 32746.2 31318.7 8804.9 8837.2 8866.8

TABLE 2.4: Metaheuristics results with T = 300.

TUS TWT TPC
Instance |O|

BRKGA MR VNS BRKGA MR VNS BRKGA MR VNS
101 168 0 0 0 0 0 0 7681.1 7747.3 T744.4
102 158 0 0 0 456 9138 216 11543.9 11582.4 11453.9
103 194 0 0 0 0 3517 1301 11046.4 11089.1 11584.7
104 253 0 0 0 0 0 0 7665.2 77384 7572.2
105 169 0 0 0 0 0 0 9217.6 9390.9 9469.2
106 176 0 0 0 0 0 0 10422.9 10552.8 10140.8
107 153 0 0 0 0 0 0 10497.5 10574.4 10584.0
108 164 0 0 0 4028 0 0 11625.2 11790.2 11797.9
109 207 3 4 4 238409 136520 175298 11548.8 11615.5 11313.8
110 194 10 9 11 194080 250442 140656 11500.3 11296.9 11696.5
111 189 11 12 14 290416 280744 190613 11585.8 11287.7 11065.0
112 160 0 0 0 0 0 0 6885.7 6979.9 7015.2
113 178 13 13 13 0 0 0 6362.4 6459.9 6301.6
114 180 8 8 8 0 0 0 6236.4 6310.8 6227.6
115 183 8 8 8 0 0 0 7342.1 7429.4 7290.9
116 201 8 8 8 0 0 0 9180.3 9534.9 9178.8
117 267 8 8 8 0 0 0 9134.8 9355.5 9241.8
118 102 0 0 0 0 0 0 4181.8 4400.0 4251.4
119 154 0 0 0 11118 16191 11079 9531.8 9735.2 9696.4
120 145 0 0 0 0 0 0 6702.9 6786.6 6782.2
121 141 0 0 0 0 0 0 6236.8 6279.6 6307.6
122 127 0 0 0 0 0 0 6150.0 6280.5 6164.7
123 151 0 0 0 6805 11488 1988 9667.9 9695.4 9503.6
Average 3.0 3.0 3.2 324049 30784.3 22658.7 8780.3 8865.8 8799.3
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TABLE 2.5: Metaheuristics results with T = 600.

TUS TWT TPC
Instance |O|

BRKGA MR VNS BRKGA MR VNS BRKGA MR VNS
101 168 0 0 0 0 0 0 7676.5 7747.3 T742.5
102 158 0 0 0 418 3518 27 11383.0 11650.2 11409.9
103 194 0 0 0 0 3517 480 11006.4 11089.1 11515.3
104 253 0 0 0 0 0 0 7575.2 7644.4 7446.4
105 169 0 0 0 0 0 0 9206.9 9376.0 9416.8
106 176 0 0 0 0 0 0 10193.6 10552.8 10061.3
107 153 0 0 0 0 0 0 10482.5 10555.2 10548.1
108 164 0 0 0 0 0 0 11292.4 11790.2 11729.8
109 207 3 3 3 100074 283154 127785 11599.3 11777.1 11286.9
110 194 10 9 11 129672 250442 140656 11134.4 11296.9 11694.7
I11 189 11 12 13 287399 280744 375688 11606.7 11287.7 11115.2
112 160 0 0 0 0 0 0 6879.1 6979.9 7015.2
113 178 13 13 13 0 0 0  6320.3 6430.4 6296.4
114 180 8 8 8 0 0 0 6230.3 6276.2 6227.6
115 183 8 8 8 0 0 0 7314.8 7398.8 7289.5
116 201 8 8 8 0 0 0 9163.4 9344.2 91325
117 267 8 8 8 0 0 0 9134.8 9298.8 9238.2
118 102 0 0 0 0 0 0  4030.0 4400.0 4251.4
119 154 0 0 0 11023 13654 2872 9540.4 9302.3 9602.0
120 145 0 0 0 0 0 0 6679.1 6786.6 6759.4
121 141 0 0 0 0 0 0 6236.8 6279.6 6307.6
122 127 0 0 0 0 0 0  6147.5 6238.5 6164.7
123 151 0 0 0 6805 6688 1508  9621.8 9589.4 9493.9
Average 3.0 3.0 3.1 232779 36596.4 28218.1 8715.4 8830.1 8771.5

TABLE 2.6: Metaheuristics results with T = 1200.

TUS TWT TPC
Instance |O]

BRKGA MR VNS BRKGA MR VNS BRKGA MR VNS
101 168 0 0 0 0 0 0 7668.9 7692.1 7718.8
102 158 0 0 0 0 1240 20 11302.3 11434.5 11388.7
103 194 0 0 0 0 3517 480 10998.2 11089.1 11515.3
104 253 0 0 0 0 0 0 7569.0 7644.4 7377.1
105 169 0 0 0 0 0 0 9166.8 9342.1 92224
106 176 0 0 0 0 0 0 10069.0 10552.8 9995.9
107 153 0 0 0 0 0 0 10376.5 10518.3 10432.3
108 164 0 0 0 0 0 0 11125.2 11790.2 11699.6
109 207 3 3 3 100072 237413 110931 11599.3 11333.1 11500.1
110 194 9 9 9 137062 250442 242782 11517.3 11296.9 11686.6
111 189 11 11 13 286679 277060 205486 11503.0 11600.2 11309.2
112 160 0 0 0 0 0 0 6846.6 6979.9 6952.9
113 178 13 13 13 0 0 0 6301.3 6428.4 6274.0
114 180 8 8 8 0 0 0 6226.7 6276.2 6225.8
115 183 8 8 8 0 0 0 7314.8 7398.8 7289.5
116 201 8 8 8 0 0 0 9144.7 9344.2 9037.3
117 267 8 8 8 0 0 0 9053.3 9298.8 9214.4
118 102 0 0 0 0 0 0 4030.0 4400.0 4251.4
119 154 0 0 0 11023 12709 2824 9540.4 9543.0 9602.0
120 145 0 0 0 0 0 0 6668.4 6756.7 6758.6
121 141 0 0 0 0 0 0 6236.8 6279.6 6307.6
122 127 0 0 0 0 0 0 6147.5 6238.5 6164.7
123 151 0 0 0 2293 4613 1174 9595.0 9685.4 9544.3
Average 3.0 3.0 3.1 23353.4 34217.1 24508.6 8695.7 8822.7 8759.5
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TABLE 2.7: Comparative results.

Count of Best TUSq, TWTg, TPCg,

T

BRKGA MR VNS BRKGA MR VNS BRKGA MR VNS BRKGA MR VNS
60 13 2 8 00 19 22 0.0 -2.8 -6.3 0.1 04 0.3
300 12 2 9 05 1.8 3.6 -1.0 -2.0 -4.6 0.0 06 0.6
600 13 1 9 0.5 04 1.8 21 79 0.6 -0.1 1.0 0.9
1200 14 1 8 0.0 0.0 0.8 0.2 96 27 00 1.1 1.0
Average 13.0 1.5 8.5 02 1.0 2.1 -0.7 3.2 -1.9 0.0 08 0.7

2.6.3 Evaluation of BRKGA scheduling performance

In order to further motivate the choice of BRKGA among other metaheuristics, we investigate
its scheduling performance by using the lower bounds provided by the implementation of the
CP model described in Section 2.5, given the promising results obtained in Section 2.6.

For these experiments, we fixed the best workers configuration on machines given by the
BRKGA with T = 1200. We set the same time limit also for the CP model implementation and
compared the results for the primary objective TUS, re-running BRKGA with fixed workers.
We summarise results in Table 2.8, where the lower bounds (LB) are obtained from the CP
runs.

First, we can observe that BRKGA succeeds in finding a proven optimal solution within
the given time limit in 20 instances out of 23, against 17 optimal solutions of the CP model.
With respect to BRKGA, in the three unsolved instances, namely /09,710,711, neither the CP
model succeeds in reaching the lower bound within the given time limit. Second, BRKGA
achieves better upper bounds than CP in four instances, 103,708,109,7122. We also remark
that in three among these cases, namely /03,708,722, the CP model fails to equal the lower
bound within the given time limit, while BRKGA algorithm succeeds.

TABLE 2.8: CP and BRKGA lower bound comparison on the TUS for

T =1200.
TUS

Instance |0 LB ———
BRKGA CP

101 168 0 0 0
102 158 0 0 0
103 194 0 0 1
104 253 0 0 0
105 169 0 0 0
106 176 0 0 0
107 153 0 0 0
108 164 0 0 2
109 207 0 3 4
110 194 2 9 8
111 189 5 11 10
112 160 0 0 0
113 178 13 13 13
114 180 8 8 8
115 183 8 8 8
116 201 8 8 8
117 267 8 8 8
118 102 0 0 0
119 154 0 0 0
120 145 0 0 0
121 141 0 0 0
122 127 0 0 1
123 151 0 0 0
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2.7 Conclusions

We studied a complex integrated workforce allocation and two-stage flexible flow shop prob-
lem to handle production planning for perishable products. We proposed a constructive algo-
rithm that allocates workers to machines and schedules orders by following a list of priorities
in order to reach solutions with all orders scheduled, no tardiness, and the smallest possi-
ble production cost. The constructive heuristic is embedded within three metaheuristics: a
Random Multi-Start Algorithm, a Biased Random Key Genetic Algorithm, and a Variable
Neighborhood Search based one.

To minimise tardiness, we based our overall constructive procedure on the concept of
priority updating of orders, which led to the introduction of the parameter Ilj;i. The com-
putational experiments indicate that a small value of Ilj;y is enough to consistently improve
solutions. This limits computational effort, while preserving solution quality.

We compared the results of all metaheuristics under different time limits T € {60,300, 600, 1200}.
A small time limit T = 60 is good enough to substantially improve the results of a single run
of the constructive algorithm. This indicates that the constructive algorithm is sensitive to
randomness, allowing for further investigation regarding the use of this algorithm within
other metaheuristics. In addition, among the three proposed algorithms, the BRKGA pro-
vides the best overall results, and the algorithm converges very well already under a time
limit of T = 600 seconds. For this reason, we compared the BRKGA performance in solving
the scheduling problem with fixed workers to the lower bounds given by the implementation
of the exact CP model.

In future research, we are interested in studying how dynamic changes in assignments of
workers to machines affect productivity. Another direction is related to extend the algorithms
to handle multiple objectives as, e.g., in [89] for the variable neighborhood search. We are
also working with the company to develop a demand forecast approach. Such an approach
would allow one to take important decisions at an earlier stage, and, when combined with
the algorithms presented in this work, could further improve the production system of the
company.
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Chapter 3

Assigning multi-skill configurations
to multiple servers

This chapter focuses on the dynamic assignment of multi-skill configurations to multiple
servers in outpatient healthcare facilities. We develop the Scenario-Based Planning and
Recombination Approach (SBPRA), an innovative algorithm that generalizes the Scenario-
Based Planning Approach by leveraging a mathematical model to combine solutions across
scenarios. This study expands on previous work and is detailed in [16, 19, 90].

3.1 Introduction

Queue management has been widely studied in many research fields because of its high prac-
tical and theoretical relevance. Problems in this area are found in several different contexts.
One particular context is healthcare, where the presence of multiple queues and servers, the
dynamic arrival of patients, the unknown service times, and the different priorities, among
other features, provide several difficult challenges [38, 92, 127]. Queue management prob-
lems have been addressed in the literature by different approaches, particularly operations
research methods (see, e.g., [122, 126]), which are indeed the focus of this work.

The problem we address focuses on queue management optimization in an outpatient
facility system and arises from a real-world case study in Italy. Patients requiring specific
services arrive dynamically during the working time horizon. They are then grouped into
multiple queues, one per service, and are served by multiple identical servers working in
parallel. At a given time instant, each server can provide a subset of all possible services the
facility provides. This subset is called configuration. Thus, a patient can be served by a given
server in a given time instant only if the server can provide at that time the service requested
by the patient, that is, only if the configuration currently adopted by the server includes the
requested service. At any time, it is possible that a patient decides to leave the queue. In this
case, an abandonment penalty is considered.

Upon entry to the facility, each patient is associated with a requested service, a priority
weight, and a target time. A tardiness occurs if the start of the service for a patient surpasses
their target time, resulting in a weighted tardiness penalty. Additionally, a weighted penalty is
applied for patient abandonment, which is triggered when a patient’s waiting time surpasses
her deadline. Notably, this deadline is a stochastic and dynamic parameter, not known a priori
but only revealed when a patient opts to abandon the facility.

During the considered time horizon, the configurations associated with the servers are
allowed to change. In practice, this possibility enables the facility managers to adapt the
offered services according to the overall needs of the patients in the queues (and possibly of
those expected to arrive soon). The possible configurations the servers can assume belong to
a finite set and are known in advance, as the facility managers define them.
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FIGURE 3.1: Outpatient facility example. Servers (J) are given by cir-
cles, patients by numbered rectangles, services (S) by colored squares,
and configurations (K) by sequences of squares.
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Thus, the decision to be made is twofold: first, which configuration to assign to each
server on a rolling time horizon, and second, how to schedule patients to the servers. The
aim is to minimize the sum of the total weighted tardiness of patients and the total weighted
penalty for abandonment.

To better clarify the problem, let us consider the example depicted in Figure 3.1. In this
facility there are two servers, and the overall provided services can be “blood tests” (s1),
“appointment booking from polyclinics” (s»), “private practice”(s3), and “biological material
delivery”(s4). At time ¢, configuration k3 is assigned to server 1, enabling it to offer services
52, s3 and s4. Similarly, configuration k; is assigned to server 2, with services s, and s4. Con-
sequently, at time ¢, patient 1 can be served by servers 1 and 2 because she requires service
s4, which is included in both configurations currently assigned to the servers, whereas patient
4 can only be served by server 2. Patients not served up to time ¢ are inserted in a number of
queues, each associated with a given service. Decisions regarding the order in which patients
are served and by which server can be made by following a given policy (e.g., weighted first
in, first out, or weighted earliest due date, as described in the next sections). These decisions
are strongly constrained by the server-configuration assignments, and, therefore, the oppor-
tunity to change configurations during the time horizon may help in reducing the weighted
tardiness and abandonment of patients.

The resulting problem integrates dynamic and stochastic elements, requiring decisions to
be made online based on data not entirely known in advance. Many studies in healthcare have
addressed problems of a dynamic or stochastic nature. Concerning hospitals and outpatient
facilities (e.g., emergency departments), some authors have focused on the scheduling of pa-
tients [6, 36], nurses [65, 125], physicians [25, 61], and surgeries rooms [8, 21, 33]. Others
study the optimization of given Key Performance Indicators (KPI), such as patients’ waiting
time and length of stay [2, 100, 116]. The literature considers methods based on combina-
torial optimization, simulation, and a combination of both. A detailed literature review is
provided in the next section.

To solve the overall problem, we propose a Scenario-Based Planning and Recombination
Approach (SBPRA), a new algorithm that extends the traditional Scenario-Based Planning
Approach (SBPA) from the literature [10]. Both approaches tackle the problem by generating
possible scenarios based on known probability distributions and then solving them with an
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optimization method. However, SBPRA not only solves each scenario independently but
also recombines, with the use of a mathematical model, the solutions of the scenarios to
produce an additional balanced solution. In both algorithms, the solution for each scenario
is obtained by an updated version of the Reduced Variable Neighborhood Search (RVNS)
that we originally presented in Alves de Queiroz, Bolsi, Lima, lori, and Kramer [5]. We
indeed generalize [5] to a great extent: we study a more general problem in which patients
have a priority weight and may decide to abandon the system; we adapt the original RVNS
to solve this new problem; we move from a simple re-optimization algorithm to the more
sophisticated SBPA and SBPRA.

The main contributions of this work are: (i) the formal definition of a practical dynamic-
stochastic problem derived from the activity of an outpatient facility; (ii) the proposal of
SBPRA, an innovative algorithm that achieves results that are approximately 38% better on
average than those obtained with the traditional SBPA; (iii) the development and assessment
of various SBPA and SBPRA configurations, which include three consensus functions and
three policies for scheduling patients; (iv) an extensive set of computational results on re-
alistic instances from the outpatient facility, comprising more than 235000 numerical tests,
that prove the effectiveness of the proposed algorithms and provide interesting managerial
insights on the problem.

The remainder of the paper is organized as follows. Section 3.2 offers a comprehensive
literature review, highlighting our contributions to the existing body of knowledge. Section
3.3 provides a formal definition of the dynamic-stochastic problem being investigated and
introduces a mathematical model for its static variant, where all information is known at
the beginning of the time horizon. Section 3.4 describes the re-optimization framework,
the RVNS, the traditional SBPA, and the new SBPRA. This section also details scenario
generation, scheduling policies, and the proposed consensus functions. Section 3.5 presents
an extensive set of computational tests and evaluates the pros and cons of each scheduling
policy, the influence of the number of scenarios, and the impact of each consensus function.
Section 3.6 provides final remarks and directions for future research.

3.2 Literature review

This section reviews contributions from the healthcare planning and scheduling literature
with a focus on queue management problems, with the aim of providing a brief but com-
prehensive review of the context of the problem addressed in this work. Important aspects
that impact healthcare systems and outpatient facilities are related to, e.g., the waiting time
of patients, the idle time of staff, the facility’s dynamic environment, the adopted schedul-
ing policies, and the level of stochastic information. Readers interested in deepening these
aspects can refer to the recent survey by Youn, Geismar, and Pinedo [130].

Our review focuses on the most recent contributions to capacity management and schedul-
ing in healthcare, but first of all, we would like to point out some of the seminal works in
the field. The literature on healthcare problems dates back to the 1950s, with, e.g., Bailey
[7] and Welch and Bailey [123] handling appointment scheduling problems in which patients
are served on a first in, first out basis. In the same period, Lindley [68] investigated theoret-
ical aspects of a single queue served by a single server, commenting that handling multiple
queues and many servers would “be a problem of considerable difficulty”.

At the end of the 1990s, Kaboudan [56] proposed a computer program to adjust dynam-
ically the number of open servers depending on the number of customers in a single queue.
The program was developed for systems with multiple servers sharing a common queue.
The author observed better use of the servers and control of the queue length. A few years
later, Cayirli and Veral [26] presented a comprehensive survey on appointment scheduling
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in outpatient facilities. They discussed aspects of static and dynamic healthcare problems,
pointing out that most literature contributions concern static problems. Dynamic aspects,
e.g., unpunctual patients, no-shows, walk-ins, late doctors, and emergencies, may not be
handled efficiently by the facility operations. Besides that, questions concerning the outpa-
tient environments were detailed, such as the influence of the number of services, doctors,
and appointments, the arrival process, the service times, and the schedule of patients. Perfor-
mance indices to measure outpatient efficiency were also discussed, such as patients’ waiting
time, physicians’ idle time, number of patients in the facility, and queues. One conclusion
raised by the authors was related to closing the gap between theory and practice, e.g., by
using historical data to better precise the probability distributions and develop heuristics that
can handle the facility’s dynamic situations and provide results for the daily issues. Within
this regard, our paper contributes to the point raised by [26], as we use historical data to
understand probability distributions and create scenarios that are used to develop efficient
dynamic heuristics.

Different queueing models and their use for healthcare applications were described by
Green [47]. The author commented on server utilization, timely access, and the facility size.
Moreover, she discussed the importance of collecting and using (historical) data to meet time-
varying demands, besides considering KPIs that could reflect patient perspectives. Klassen
and Yoogalingam [59] handled the appointment scheduling problem with the proposal of a
simulation optimization-based approach. In the simulation step, the authors created differ-
ent scenarios using a neural network and setting relevant statistics. Next, optimization was
performed on scenarios by means of a scatter search heuristic with tabu memory. The ap-
proach was compared with policies found in the literature aimed at minimizing the total cost
of waiting and server idle time. The authors concluded that disruptive environments and het-
erogeneous patients could be interesting topics of research. Su, Yao, Su, Shi, Zhu, and Xue
[105] studied the registration process of a hospital located in China through simulation. To
reduce the patients’ waiting time, the authors proposed to change from a multiple-queue and
multiple-servers to a single-queue and multiple-servers system. Notably, in our work, we
indeed consider heterogeneous patients and simulate a multiple-servers system that handles
configurations of multiple queues.

The related nurse scheduling problem was addressed by, e.g., Wong, Xu, and Chin [125]
and Legrain, Omer, and Rosat [65]. The former work proposed a binary linear formulation
and a two-stage heuristic that first executes a shift assignment heuristic to obtain a solution
satisfying the hard constraints and then performs a local search to meet the soft constraints
and improve the solution. The authors showed that the two-stage heuristic could find good-
quality solutions in short execution times. The latter work considered the presence of uncer-
tainty. The authors proposed an online stochastic algorithm that generated feasible schedules
at each time step of a given time horizon and evaluated them over the entire time horizon
using sampled scenarios. Berg, Denton, Ayca Erdogan, Rohleder, and Huschka [11] consid-
ered booking, sequencing, and scheduling decisions to optimize patient reimbursements and
costs associated with patient satisfaction, particularly waiting time, provider idle time, and
overtime. The authors proposed three solution methods besides a two-stage stochastic mixed
integer linear model to handle instances from the division of gastroenterology and hepatology
at a clinic in Rochester, United States. They concluded that new research directions could fo-
cus on dynamic environments since, as in their case, static booking is less realistic. In Huang,
Carmeli, and Mandelbaum [54], the problem of asymptotically evaluating optimal policies
for scheduling multi-class patients to servers in emergency departments was handled. Under
heavy traffic assumptions (leading to quasi-stationary hypotheses for the stochastic model),
an asymptotically optimal policy was described and tested to minimize patients’ queuing
costs in the presence of deadline constraints.

In Dellaert and Jeunet [33], the authors proposed a mixed integer linear programming
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model to solve a surgery scheduling problem. Since the size of instances the model could
solve was limited, they also developed a variable neighborhood search heuristic to obtain
good-quality solutions. The heuristic applied a shaking procedure only when the local search
could not improve the incumbent solution. Habibi, Abadi, Tabesh, Vakili-Arki, Abu-Hanna,
and Eslami [50] investigated the impact of appointment scheduling systems in ten outpa-
tient clinics in Mashhad, Iran. The authors observed that only 57.7% of the patients were
satisfied with their waiting time (an average time of 64 minutes to get served). Besides, ser-
vice time and the clinic environment also greatly influenced patient satisfaction. In a similar
way, Abaalkhayl, Al-Najjar, and Abukraym [1] analyzed patients’ satisfaction concerning
the services provided in the outpatient facilities of a care hospital in the Qassim region of
Saudi Arabia. Our paper tries to mitigate the possible long waiting time by assuming patients
may abandon the outpatient facility without being served, and this is highly penalized in the
problem objective function.

Wang, Chen, and Xu [119] handled an online appointment scheduling problem by means
of a dynamic programming model. The model suggested time slots for patients to book
their services, aiming at maximizing the daily expected revenue. The authors considered the
reward related to the patient and/or the available physicians. They also proposed an approxi-
mation method to reduce the number of system states in each booking period. They discussed
the importance of future studies handling situations where patients book and receive care on
the same day. Wen, Geng, and Xie [124] investigated how the arrival of urgent-level patients
impacts the existing facility queues. The authors investigated how to insert these patients in
order to minimize the total weighted waiting time of all patients and thus improve service
quality. Considering a multi-server system in a dynamic environment, the authors proposed
a heuristic policy integrating local searches and a simulation to schedule patients to servers.
In our study, we do not deal with a booking system, and in addition to the total weighted
waiting time, we also minimize the patient’s abandonments.

Advances in queuing theory regarding applications in healthcare were reviewed by Wor-
thington, Utley, and Suen [127], who focused on queuing systems with an infinite number
of servers. The authors commented on the need for historical and real-time data in order to
support operational decision-making. Di Mascolo, Martinez, and Espinouse [34] surveyed
home healthcare problems concerning routing and/or scheduling problems. In these prob-
lems, service is provided to patients at their homes. The aim is to have a service whose
quality is equivalent to that of a hospital while controlling costs and improving patients’ con-
ditions. Besides discussing details of the relevant literature, such as problems, constraints,
and solution methods, the authors commented on the importance of handling uncertain data
and stochastic or dynamic problems since less than 30% of the surveyed literature consid-
ered them. Abdalkareem, Amir, Al-Betar, Ekhan, and Hammouri [2] discussed planning and
scheduling decisions regarding healthcare systems, paying attention to the improvement of
the scheduling systems as a way to reduce the waiting time and facilitate access to services
while avoiding staff overworking, patient dissatisfaction, and facility overcrowding. The au-
thors surveyed scheduling problems concerning patients, nurses, operation rooms, surgeries,
physicians, telemedicine, and home healthcare-related issues. They pointed out the lack of
solution methods, especially metaheuristics, that can handle several hospital issues dynam-
ically. Other challenges were related to taking advantage of historical data to propose new
data sets and improve decisions regarding the many healthcare problems. We note that, also
in this case, our paper advances the literature by proposing a dynamic approach based on a
metaheuristic and testing it on real-world data.

Youn, Geismar, and Pinedo [130] reviewed healthcare problems, considering the past
30 years and focusing on planning and scheduling decisions. In problems with planning
decisions, it is necessary to manage the healthcare resources to meet the demand for services.
These may involve optimizing outpatient facilities, operating rooms, intensive care units, and
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emergency departments. On the other hand, concerning scheduling decisions, the authors
reviewed problems regarding appointment scheduling, surgery and workforce scheduling,
and recurring and integrated scheduling. The authors commented on the small number of
contributions integrating patient flow and scheduling decisions, especially in the presence
of uncertainties. Choudhary, Shastri, Silswal, and Kulkarni [28] also surveyed scheduling
problems, focusing on dynamic and unpredictable aspects (e.g., concerning patients and staff)
that may affect healthcare systems. The authors commented on combining different solution
methods to achieve high-quality results.

In the context of emergency departments, Bolandifar, DeHoratius, and Olsen [13] in-
vestigated the impact of relevant parameters, particularly waiting time, queue length, and
service rate, on the patient abandonment time. The authors simulated the impact of patients’
abandonments on the facility, concluding that abandonment assumptions should be taken into
account when studying a facility’s performance and modeling its dynamics. The context of
emergency departments was also studied by Alves de Queiroz, lori, Kramer, and Kuo [6],
who focused on the dynamic problem of scheduling patients. The authors modeled the prob-
lem as a machine scheduling problem and proposed a re-optimization heuristic and an SBPA.
Differently from these authors, we improve SBPA by adding an additional step to recombine
and balance the solutions of scenarios. This step uses an integer linear programming model
to minimize the additional configurations required to cover all requested services over all sce-
narios. A similar problem of scheduling patients in emergency departments was previously
studied by Dosi, lori, Kramer, and Vignoli [36]. They used a discrete event simulation model
to test several organizational changes in a facility in northern Italy. The changes were mod-
eled as what-if scenarios and evaluated using the proposed simulation model. The authors
concluded that simple organizational changes can improve relevant KPIs, such as patients’
waiting time and length of stay.

An operating room scheduling problem, including human resource availability constraints,
is solved in Bargetto, Garaix, and Xie [8]. The authors proposed a branch-and-price-and-cut
algorithm based on a time-indexed formulation, a label-correcting procedure for the pricing
problem, and a Benders decomposition for the cutting procedure. The resulting framework
could effectively handle all constraints and deliver good-quality solutions compared with the
current solutions implemented at the facility.

3.3 Problem description

This section provides a formal description of the queue management problem we address.
The facility receives many patients daily under a stochastic arrival distribution and serves
them by means of multiple servers operating in parallel. When arriving at the facility, each
patient is given a ticket for the requested service and then waits to be called by one of the
servers. A priority weight is then assigned to the patient on the basis of the service she
requested. A queue is associated with each service. If two or more patients request the same
service, they are inserted in the queue associated with that service. Each patient has a target
time, which depends on the service she requested, and the facility should serve the patient
before it. Failing to meet target times produces a weighted tardiness. In addition, each patient
has a deadline time. If the patient is still waiting in her queue when this deadline is met, then
she leaves the facility without being served. This produces an abandonment penalty. The
target time depends on the selected service and is defined by the facility managers, while the
abandonment time depends on each patient and is unknown to the facility managers.

This problem is dynamic, with patients arriving over a time horizon, and has stochastic
elements related to the arrival time and deadline of each patient. The other parameters are
assumed to be deterministic but only revealed when the patient enters the facility and requests
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a service. With the problem is associated a set S of services, a set J of identical parallel
servers, a set K of configurations, a set I of patients, a time horizon 7" and a re-optimization
time-step parameter A. A configuration k € K is a subset of services a server may hold. Sets
S, J, and K are known in advance since they depend on the facility managers.

Each patient i € [ is characterized by an arrival time r;, a requested service s; € S, a
priority weight w; (indicating the urgency of the request), an expected service time p;, a
target time d; (i.e., a due date), and an abandonment time ¢; (i.e., a deadline). We denote by
K the subset of configurations that include service s € S. Thus, the subset K, contains the
configurations that can serve the request of patient i.

According to the facility managers, the configuration-server assignments are changed
each A units of time. We assume the time horizon is discretized in minutes, namely T =
{0,1,...,Tax }, where O and T,.x represent the opening and closing times of all servers.
Patients can enter the facility until the doors close at 7;,,,., so r; < T, for all i € I. When the
servers close (i.e., at time Ti,x ), €ach patient will either have been served or have abandoned
the facility, and so a; < Thax — pi. We consider 7., to be smaller enough than Ty« to ensure
the facility commitment to serving each patient, possibly after closing the doors.

We define the re-optimization time set 7p = {0,A,. .., |Tmax /AJ]A} C T, as the times
in which the configurations can be changed. Patients can be partitioned accordingly, as
I = Uer, s, where I, = {i€l:r €[t,t+A)}. This does not imply that the problem can
be solved independently for each A units of time, because previous decisions impact current
and future ones. Decisions involve two key aspects: server-configuration assignments at each
re-optimization time step in Tj, and patient-servers scheduling over the time horizon.

For the sake of clarity, we provide an integer linear programming (ILP) model for the
static version (also known as offline or utopic in the literature) of our problem. This version
assumes all information is precisely known at the beginning of the time horizon. The ILP
model uses: a binary variable y i, that takes the value 1 if configuration k € K is assigned to
server j € J from time ¢t € Tj to t +A— 1; a binary variable x;;; that takes the value 1 if patient
i € ] is served by server j € J attime ¢ € T'; and an auxiliary binary variable u; that takes the
value 1 if i € I is not served by any server by the end of the time horizon. The ILP model is
then:

min) ) wity (le‘j[> +Y o (3.1)

ielteT jeJ i€l

subject to:

Y Y xijitui=1 Viel (3.2)

jeJteT
xijp =0 Viel,VjeJ Nt & {r,...,a;} (3.3)
t

Y ) Xijr <1 VjelVteT (3.4)

i€l f=max{t—p;+1, 0}
Y yiu=1 Vje IVt eTy (3.5)

keK

t+A—1
xij,/g Z Ykt ViEI,VjGJ,VIETA (36)
t'=max{r—p;+1, 0} keKs,

xij € {0,1} VielVjeJNteT (3.7)
yike €{0,1} VjeJ Vke KVt €Ty (3.8)

u; € {0,1} Viel (3.9)
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The objective function (3.1) minimizes the total weighted tardiness and the total weighted
penalties for unserved patients. Tardiness is calculated as t; = max {¢r —d;,0} for patient i
served at time f. The weighted penalty for patients that have abandoned the facility is de-
noted by ¢; and is set to ¢; = w;Thax , thus ensuring that an abandonment is always penalized
more than a late service. Constraints (3.2) ensure that either a patient has been served or
has abandoned the facility. Constraints (3.3) eliminate situations in which a patient is served
before her release date or after her abandonment time. Constraints (3.4) guarantee that a
server can service at most one patient at a given time and that that patient occupies the server
for all her service time. Constraints (3.5) impose that each server is assigned with a unique
configuration and can change only in times ¢ € T5. Constraints (3.6) impose that a patient i is
served by a server j at time ¢ only if this server holds at that time a configuration that offers
the service required by i. Constraints (3.7)-(3.9) define the domain of the variables.

3.4 Scenario-Based Planning and Recombination Approach

When not all problem information is known in advance, but just probability distributions are
known, a decision problem can be formulated as a two-stage stochastic ILP model. In this
model, decision variables are divided into first-stage, referring to decisions that can be made
now without knowing the future, and second-stage variables, concerning decisions to be
taken after the realization of the stochastic variables. In our context, the first-stage variables
are related to assigning configurations to servers at each re-optimization step (namely, ¥; =
{y ke jES keEK }). In contrast, second-stage variables, which involve patient scheduling,
are determined after stochastic information about the patients becomes available (resulting in
X, ={xjp:iel,jel}.

Typically, stochastic ILP models require large execution times and are more concerned
with strategic planning, whereas operational decisions are taken by means of quick dynamic
heuristic algorithms (see, e.g., [115]). Among the dynamic heuristics, the SBPA by [10], able
to address complex decision-making dynamic-stochastic problems, has received significant
attention in the literature. Similar to two-stage ILP models, SBPA explores potential scenar-
ios that realize the stochastic variables. Given the dynamic nature of these problems, SBPA
is typically incorporated within a re-optimization framework. Generally, the following steps
are performed at each re-optimization time ¢:

1. Scenario Sampling. The events space is sampled in a set E of scenarios. Each scenario
€ € E is a realization of the stochastic variables obtained by sampling the probability
distributions (in our case, we do this by using the facility’s historical data);

2. Scenario Solution. Each scenario & € E is solved taking into consideration the cur-
rent (partial) problem solution Y associated with the first-stage decisions, resulting in
the scenario solution Y;(§). The scenario is solved with any appropriate optimization
algorithm (e.g., RVNS, as in our case);

3. Solution Evaluation. A score is assigned to each scenario solution ¥;(&) with a so-
called consensus function ®. This function evaluates the solution of a scenario by
confronting it with all other scenario solutions;

4. Solution Update. The current problem solution is updated by observing the highest
m—score scenarios solutions in the set {Y,(&)}éeE . This may require refining, mod-
ifying, and/or combining these scenario solutions and then choosing the one to be
implemented on the problem at hand, eventually updating first-stage and second-stage
variables.
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In this work, we propose the SBPRA, an enhanced version of the above-mentioned clas-
sical SBPA. This new version includes an additional step between the Scenario Solution and
Solution Evaluation steps, specifically designed to recombine scenario solutions and then im-
prove first-stage decisions. In this new step, called Solution Recombination, a new solution
YR is generated and added as part of the set of scenario solutions. The main idea is to take ad-
vantage of the information in the sampled scenarios and find an optimally balanced scenario
solution that mitigates the risk of not well-hedging the realization of stochastic variables,
which may happen for solutions of a single scenario.

In the Solution Recombination step, we consider hedging parameters of every scenario
solution (in our case, they are the number of servers offering a given service if requested
in such a scenario, as described next). Then, by considering the first-stage decisions from
each solution, we minimize the hedging loss relative to these parameters (in our case, aiming
at balancing the number of additional servers needed by each scenario) over all scenarios.
In other words, this step handles a Hedging-Balancing problem over all scenarios (which is
solved with the ILP model (3.10)-(3.18) below).

We first describe the SBPRA in Algorithm 3. Its procedures are presented in the next
sections, with the RVNS detailed in Algorithm 4 and the cost function described in Algorithm
5. Table 3.1 contains the parameters not mentioned before but needed for describing the
proposed algorithm.

TABLE 3.1: Parameters used by the proposed algorithms.

Parameter Description

T Policy applied to schedule patients to servers
U Set of patients not served up to time ¢, for t € T
L(§) Set of fictive patients of scenario & € &, with arrival in {t,...,t+A—1}, for t € T
€) Solution of scenario & € &, i.e., the configuration-server assignments at time ¢ € Ty
M;(§)  Service hedging parameter for service s € S in solution ¥;(§) at time 7, which is
equal to the number of servers that offers service s in such a solution if at least
a patient requires s, and 0 otherwise
M(E)  Set {My(€),s €S} with all service hedging parameters for solution ¥;(&) at time
t
Y,R Solution generated by the Hedging-Balancing problem at time ¢ € Ty

Algorithm 3 starts with an empty patient scheduling solution X and configuration assign-
ment solution Y (line 1). Next, it iterates over the time horizon 7. For each time step ¢, it
identifies the set U, of patients not served up to that time and schedules them to servers based
on the current configuration solution Y and by using policy 7. The servers can update their
configurations if 7 is a multiple of A (line 6). In this case, we apply the RVNS to compute the
scenario solution. The RVNS receives as input the set with sampled fictive patients and the
(real) patients not served yet. Observing the first-stage decisions Y;(&) of each scenario solu-
tion, the service hedging parameter M; (&) is calculated in line 11. After looping up over all
scenarios, the Solution Recombination step is applied to solve exactly the Hedging-Balancing
model (3.10)-(3.18) in line 12. The resulting solution Y} is added to the set of scenario so-
lutions, all being scored by the same consensus function (line 13). The solution with the best
score is chosen, so the configuration-server assignment is updated accordingly. In line 15,
the algorithm computes Uy, , with all patients not served up to the time Tiyax. Notice the
final solution cost is obtained from the patient scheduling solution X and Uy

max *

Scenario Sampling

For SBPA, a sampled scenario & € = consists of fictive patients arriving at the facility over the
time horizon. We generated scenarios using the probability distributions obtained from the
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Algorithm 3: SBPRA
Input: I; J; K; Thax; A; E; T3 @

1 X, Y0
2 foreach r € T do
3 U, < patients not served up to time ¢
4 X; + Apply policy 7 to schedule patients in U; to servers according to the
current solution Y
5 X+ XUX;
6 if t € Tp then
7 foreach & € = do
8 I,(§) < Fictive patients whose arrival time are in {z,...,t+A—1}
9 U<+ U UL
10 Y,(§) « RVNS(U)
1 M (&) + Hedging parameters from the scenario solution Y;(§)
12 Y < Solution of the Hedging-Balancing problem for {M (&)} tex
13 ¥, < Solution in {¥;(§) }zez U {¥®} with the best score according to
the consensus function ®
14 Y+« YUY

15 Ur,, < patients not served up to time Tpn,x
Output: X; Y; Uy

max

facility’s historical data when available. For example, no data about abandonment time were
tracked, so we supposed realistic values by discussing them with operators at the facility.
On the other hand, consistent data are available for arrival times and required services for
quite a long period. We estimated parameters that best fitted chosen distributions (described
in Section 3.5.1 below) for each attribute. This mechanism ensures the representativeness
of scenarios because each scenario is a random possible realization of joint distributions of
single stochastic variables, thus well-defining patient attributes and the overall situation the
facility faces daily. So, besides sampling the arrival time of fictive patients i, we also sampled
their other parameters (i.e., s;, w;, p; and d;). The abandonment time q; is a uniform random
integer value picked in the interval [d; + 1, Tax — pi-

The number |Z| of sampled scenarios has a relevant influence on the solution quality and
computing time. We test several |Z| values and evaluate their impact in Section 3.5.2.

Scenario Solution

Each scenario could be seen as a static version of the problem, which has to be partially
or completely solved by an optimization method. Many scenario solutions are generated in
a re-optimization framework, requiring computationally efficient optimization methods. In
this work, we solve each scenario with an enhanced version of the RVNS we introduced in
Alves de Queiroz, Bolsi, Lima, lori, and Kramer [5]. In contrast with the precedent version,
the new RVNS, described in Algorithm 4, considers patient abandonment times and priority
weights.

Variable neighborhood search (VNS) is a metaheuristic algorithm that works over a set
of neighborhoods. It systematically changes the neighborhood whenever the incumbent so-
lution is not improved. The aim is to escape from local optima and achieve a solution that is
optimal for all neighborhoods. It was proposed by Mladenovi¢ and Hansen [78] and, since
then, has been successfully applied to handle many optimization problems. Comprehen-
sive reviews dedicated to VNS are provided in, e.g., Hansen and Mladenovi¢ [51], Hansen,
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Mladenovié, and Moreno Pérez [52], and Hansen, Mladenovié, Todosijevi¢, and Hanafi [53].
Special issues dedicated to the VNS can be found in Duarte and Pardo [37] and Mladenovi¢,
Souza, and Sorensen [79], while Lan, Fan, Yang, Pardalos, and Mladenovic [64] reviewed the
applications of VNS concerning problems in the healthcare area. Recently, Brimberg, Salhi,
Todosijevi¢, and Urosevi¢ [23] revisited the VNS principles and variants, commented on the
variable formulation space and its implication on solving problems that may have alterna-
tive formulations, and discussed the less-is-more approach in the perspective of proposing
effective but simple algorithms.

A VNS-based heuristic has the following phases: shaking, local search, and change of
neighborhood, inside an iteration loop with a given stopping criterion (e.g., the maximum
number of iterations). The shaking phase generates perturbed solutions within a neighbor-
hood. Next, the local search phase is performed to improve the perturbed solutions. If an
improved solution is found, the search restarts from the first neighborhood; otherwise, it pro-
ceeds to the next neighborhood. The local search phase can be a computational bottleneck,
especially in dynamic problems. This motivates the use of a reduced VNS (i.e., RVNS),
which contains only the shaking and change of neighborhood phases. The RVNS often mit-
igates the computational effort while still keeping good solutions, justifying its use to solve
scenarios in the proposed SBPRA.

Algorithm 4: RVNS TO OBTAIN A SOLUTION TO SCENARIO §
Input: U; Itmax; VNmax
1 Y < randomly generated solution of configuration-server assignments
2 for it < 1,2,... Ity x do
n<+1
do

Y’ < neighbor solution of Y in neighborhood VN, // Shaking phase
if cost(Y') < cost(Y) // Change of neighborhood

then

| Y« Yin«1
else
10 L n<—n+1

11 while n < VINpax

Output: Y

© o NS Tt R W

The RVNS in Algorithm 4 generates a solution Y =¥,  to scenario § giving the configura-
tion-server assignments to be used at the current time #,,y. Solution Y is coded as a vector
of |J| integers, in which each vector position is associated with a server j and reports the
number of the configuration k assigned to the server. The shaking phase of the RVNS has
VNmax = 3 and uses the following neighborhoods:

VN;: Randomly select a server and change its configuration to a randomly selected config-
uration in K. The selected configuration must be different from the current one;

VN;: Randomly select two servers and set the first server to have the same configuration as
the second one;

VNj: Randomly select a subset of servers and change the configuration of each of these
servers to a randomly selected configuration in K. The new configuration of a server
may remain the same as the current one.

We tested other neighborhoods in preliminary computational tests. Some structures were
based on setting weights for configurations. Configurations with the most requested services
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were associated with the highest weights (i.e., they were more likely to be chosen). Other
neighborhoods we tested were based on duplicating servers having the configurations with
the highest weights. None of these improved the final solution as expected, but instead,
they even biased the choices, resulting in configurations never being used even if services
(patients) depended on them. Based on these preliminary computational analyses, we decided
to keep the current simple but effective configuration with three neighborhoods.

Each time we generate a new solution, in line 6 of Algorithm 4, for the current time
thow, We evaluate its cost with Algorithm 5. This algorithm calculates the cost by simulating
what is going to happen in the facility from #,w. It first assumes that past decisions (real
patients already served) and decisions in progress (real patients in service) cannot be changed
anymore. Then, it schedules the set U, comprising real patients (already arrived at #,,o at the
facility and currently waiting in the queues) and fictive patients (expected to arrive soon after
thow and depending on the given scenario), as follows. In the loop of lines 3-7, for each time
t, Algorithm 5 schedules the remaining patients in U observing the policy 7 and the free (i.e.,
not occupied with a patient) servers. The policy T is used to choose the next patient that
fits one of the configurations assigned to the free servers. The process continues until T,x
is reached. Variables WT and ® report, respectively, the total weighted tardiness and total
weighted penalty, which are the two components of the solution cost.

We implemented three different policies T to select the next patient to be served:

Weighted First In First Out (WFIFO). The queue of eligible patients in U is ordered by
decreasing values of the ratio -, which weighs the patients’ arrival time by their prior-
ity weight;

Weighted Earliest Due Date (WEDD). The queue of eligible patients in U is ordered by
decreasing values of the ratio %, which weighs the patients’ target time by their priority
weight;

Weighted Longest Processing Time (WLPT). The queue of eligible patients in U is or-
dered by decreasing values of the ratio 2, which weighs the patients’ service time
by their priority weight. If two patients have the same service time, the one with the
largest weight is selected.

In all three policies, if two patients have the same value of the selected ratio, the one with the
largest weight is selected.

Algorithm 5: COST FUNCTION

Input: Y; U; T; thow
1 WT'< 0 // Weighted tardiness
2 &<+ 0 // Penalty due to unserved patients
3 for t < thowstnow+1, ..., Thax do
Jiree <= Set of servers free at time ¢
foreach j € Jj. do

Apply police T to select the next patient i € U to be served by j

L WT < add the weighted tardiness of i, if any

EOTIN= N BTN

8 ® « total weighted penalty for all unserved patients
Output: (WT + D)

Scenario Recombination

We propose the Scenario Recombination step to exploit further the solutions obtained from
the sampled scenarios. We aim to avoid relying solely on decisions from a single scenario
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solution, e.g., the one with the best score according to the selected consensus function. De-
cisions based on a single scenario solution are often non-representative of the entire set of
scenarios, as a single scenario may overlook important aspects of the problem, such as not
including patients who abandon the facility or those requesting less common services.

The recombination step consists of solving an optimization problem, which we call
Hedging-Balancing, aimed at balancing the configurations across servers to hedge against
solutions from all scenarios. Specifically, this model minimizes the number of additional
configurations required to cover all requested services in each scenario.

For a given f € Ty, the associated hedging-balancing problem is modeled as an ILP in
(3.10)-(3.18). This model does not depend on the number of patients but only on the number
of servers and configurations, and it uses the following variables:

o an integer variable Ny, giving the number of servers with configuration k, for k € K;
» an integer variable M, giving the number of servers offering service s, for s € S;

o an integer variable §,(§), giving the number of additional servers with configurations
that contain service s that are required, for s € Sand § € E;

o a binary variable yfk;, taking the value 1 if configuration k is assigned to server j, 0
otherwise, for j € J and k € K.

By solving the hedging-balancing problem, we obtain a recombination solution Y;R =
{yfk; cjed,kekK } associated with the first-stage decision variables for the time interval

[, T+ A). This solution should be balanced enough to hedge all requested services in all

scenarios. Variables §,(§) measure the loss of not appropriately hedging service s, if s is

requested in scenario & and there are no sufficient servers with configurations in Kj.
Formally, the model is:

minz Z 8(&) (3.10)

SESEEE
subject to:

M +8,(8) > M, (&) VseS, EcE (3.11)
M; =Y N Vs €S (3.12)

keK,
Y Ne= /| (3.13)

keK

Ne=Y ¥ Vk e K (3.14)

jeJ
8(&) € Z>o Vse S, Eec&E (3.15)
Ni € Z>o Vk e K (3.16)
M, € Z>o Vs eSS (3.17)
Ve €{0,1} VjeJ,VkeK. (3.18)

The objective function (3.10) seeks to minimize the sum of the hedging loss variables
d5(&). Constraints (3.11) impose each service s requested in each scenario & on being hedged.
If there are sufficient servers with configurations that contain s in the recombination solu-
tion ysz’ given the existing number of servers in the scenario solution that offers s (i.e., if
M > M, (§)), then the hedging loss variable associated with s and & is null, otherwise it
takes a positive value, whose sum has to be minimized. Constraints (3.12) ensure that each
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variable M; holds exactly the number of servers with configurations that contain s in the
recombination-solution. Constraints (3.13) impose the total number of servers with an as-
signed configuration on being equal to the number |J| of available servers. Constraints (3.14)
ensure that the number of servers assigned with configuration k corresponds exactly to that
in the recombination solution ysz’ for each k. Constraints (3.15)-(3.18) define the domain of
the variables.

FIGURE 3.2: Illustrative example of the Scenario Recombination step
for a given re-optimization time ¢ € Tjy.
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Figure 3.2 presents a solution to the Hedging-Balancing problem, assuming the same
servers, services and configurations of Figure 3.1. We consider a set & = {&;,&,,&3} with
three scenarios. Scenario &; involves services si,s; and sy, requested by, respectively, 7, 7,
and 4 fictive patients, all supposed to arrive within the time interval [¢, 7+ A). Similarly,
scenario & involves services sy, 52,53 and s4, requested by 4, 5, 5 and 4 patients, respectively,
and scenario &3 involves services sy,s, and s4, requested by 3, 4 and 10 patients, respec-
tively. The scenario solutions are obtained with the RVNS. The first-stage solution ¥;(&;)
of scenario &; assigns configuration k, to server 1 and k3 to server 2. Since only one server
is available to attend s and &; contains fictive patients requesting this service, the hedging
parameter My, (§;) is set to 1. We calculate My, (&;) and Mj, (€4) in a similar way. Note,
however, that in this solution, two servers are offering service s3 but no patient is requiring
it, resulting in Mj, (&;) = O (refer to Table 3.1 for the parameter definition). After computing
these parameters for all scenarios and solving the Hedging-Balancing problem, the resulting
solution assigns k3 to server 1 and ks to server 2. Consequently, the hedging variables asso-
ciated with the services take the values M, =1, My, = 1, M, = 1 and M, = 2. The hedging
loss variable d;,(§) of service s; and concerning all three scenarios is equal to 0 because the
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recombination solution can hedge each scenario solution, that is, M, > E(@,) fori=1,2,3.
The same holds for the other hedging loss variables associated with the remaining services.
Note that this solution is different from any other scenario solution. Moreover, among the
possible assignments, it is the only one that guarantees a zero sum of hedging loss variables.

Solution Evaluation and Update

Once the RVNS has produced a solution for each scenario and the recombination solution
YR has been calculated, we decide which configuration-server assignments are derived from
these solutions to apply to the instance being solved. To this aim, we first associate a score
with each solution in the set of augmented scenarios solutions Y% (Z) = {Y R YE):Ee E}
by applying a given consensus function. Then, we select which solution to use (according to
line 13 in Algorithm 3).

To this aim, we implemented three consensus functions, denoted as average best, best
case, and worst case. In these functions, given the time ¢, each scenario solution ¥; € YR ()
is fixed as a first-stage decision to all other scenarios € E and second-stage optimization
decisions are taken for each scenario by using Algorithm 5, so that an expected objective cost
z (¥;,&) is obtained. Then, depending on the specific consensus function, we compute

Average best (AVG): o(Y;) = ﬁxgeg 7 (¥1,8);
Best case (BEST): ®(Y;) = mingcz z (¥;,€);
Worst case (WORST): o(Y;) = maxgcz (¥,8);

and we finally select the solution to be implemented as ¥; = argmin® (Y;).

3.5 Computational experiments

This section presents the outcome of the computational experiments we performed to evaluate
the SBPRA performance and assess the impact of its main components. All algorithms were
coded in C++, and the experiments were carried out on a computer equipped with an Intel
Xeon CPU E3-1245 v5 processor with 3.50 GHz and 32 GB of RAM, running under Linux
Ubuntu 22.04 LTS.

We performed the experiments on 61 realistic instances (described in the next section).
For the sake of conciseness, the results we obtained are presented in aggregated form. We
solved each instance with the following algorithms: (i) the plain re-optimization version of
Algorithm 3 in which |E| = 0, called RE-OPT from now on; (ii) SBPA (without the Recom-
bination Solution step) for different number of scenarios (|Z|) and consensus functions (®),
called AVG, BEST, and WORST, respectively; (iii) SBPRA for different number of scenarios
and consensus functions, called AVG-R, BEST-R, and WORST-R, respectively.

All mentioned algorithms solved each instance individually. For SBPA and SBPRA,
which need in input |E| scenarios, we proceeded as follows. We generated a large number
of scenarios by sampling the probability distributions at the facility. Then, assuming we are
solving, e.g., instance o, each scenario & € E is randomly selected among all the generated
scenarios but by excluding instance o.

The RVNS parameters were calibrated by a trial-and-error procedure considering a subset
of instances, balancing solution quality and computing time. After the calibration procedure,
we set Itmax = 250 iterations, and for neighborhood VN3 we limited the size of the subsets
tobein {2,3,...,[|/]|/4]}.

We also solved the instances in their static version by means of the ILP model (3.1)-(3.9).
The model was solved with Gurobi Optimizer 11, imposing a single thread and a time limit



Chapter 3. Assigning multi-skill configurations to multiple servers 38

of one hour. The results were unsatisfactory, and we do not report them explicitly here. In-
deed, the model always reached the time limit of one hour and obtained very large percentage
gaps between the reported lower and upper bound values, ranging from an average of 379%
for A = 60, to 1991% for A = 120 and 1911% for A = 180. In addition, the solutions ob-
tained were very unrealistic, as the model, in order to minimize the number of abandonments
(which cause the largest penalties) selected from the middle of the queues patients with close
deadlines even if they had lower priorities and arrived at the facility later than other patients
(whose service was just postponed). Such a behavior would be clearly unacceptable in a real
system.

3.5.1 Instance generation

The instances used in our computational experiments were collected from an outpatient fa-
cility system operating in northern Italy. The collected data corresponds to working days
in December 2019. The facility is open from 6 a.m. to 5 p.m. and has 13 servers. In the
following, we denote by H the set of instances and use a tuple i = (1,J,S,K, Tnax ) to define
each instance h € H.

Analysis of the historical data suggests that the time interval between subsequent arrivals
of patients could be modeled by a Weibull distribution. This distribution is defined by a

cumulative density function f(x) =1 — ef(%)K, with the so called shape A and scale x pa-
rameters. The Weibull distribution generalizes the exponential one, because when k =1 it
results in an exponential distribution with mean equal to A. Indeed, Weibull and exponen-
tial distributions are commonly used to model the inter-arrival time of patients, especially in
the context of hospitals, emergency departments, and outpatient facilities (see, e.g., [0, 62,
63]). We observe that the number of patients varies during the facility’s working hours, so
we discretized the inter-arrival times by intervals of one hour each, whose shape and scale
parameters are given in Table 3.2. Note that this results in an average of 1557 patients visiting
the facility daily, with more patients in the morning, fewer in the afternoon, and even fewer
at lunchtime.

TABLE 3.2: Average inter-arrival times per hour, following a Weibull

distribution.
Time interval Average arrivals Shape A Scale k
6 a.m. - 7 a.m. 114 11.78 0.43
7 a.m. - 8 a.m. 134 23.54 0.78
8 a.m. - 9 a.m. 253 13.32 0.87
9am. - 10 a.m. 234 14.56 0.89
10 a.m. - 11 a.m. 173 20.16 0.92
11 am. - 12 a.m. 126 27.63 0.92
12 a.m. - 1 p.m. 72 47.65 0.92
1 pm. - 2 p.m. 102 32.81 0.91
2 pm. - 3 p.m. 149 22.97 0.86
3 pm. -4pm. 120 28.31 0.86
4 p.m. - 5 p.m. 80 42.91 0.90

Table 3.3 details the parameters and values associated with the outpatient services from
historical data, which we used to generate patient information. For each patient i € I, the re-
quested service s; was randomly generated following a multinomial distribution with weights
given by column Requests. Then, the weight w;, the target time d;, and the service time p;
were generated in accordance with the patient service s;. The priority weight w; was ran-
domly generated with a distribution given by the product between w and a uniform random
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variable in the range [0.5,1.5]. The abandonment time a; was generated as an integer value
obtained from a uniform random variable in the interval [d; + 1, Thax — pil-

TABLE 3.3: Information on services requested in the outpatient facil-

1ty.
s Service Requests (%] p [min] d—r [min] w
1 Outpatient reception 34.48 1.47 20 5
2 Polyclinic reception 19.08 1.15 20 5
3  Blood tests 13.38 2.40 10 10
4 Appointment booking from polyclinics 8.32 4.03 20 5
5  Appointment booking from outpatient clinics 6.99 3.02 20 5
6  Private practice 5.14 4.32 5 20
7  Frequent users’ reception 3.64 0.28 20 5
8  Biological material delivery 3.51 2.35 15 6
9  Priority blood tests 2.45 2.40 4 25
10  Influenza vaccination 1.27 2.40 20 5
11  Vaccinations 0.67 1.17 20 5
12 Driver’s license certifications 0.55 4.43 20 5
13 Afternoon blood tests 0.41 2.40 20 5
14  Booking and cash desk 0.08 2.90 20 5
15  Outpatient consultations 0.03 2.40 20 5

The outpatient facility had 75 configurations in December 2019, all defined by its man-
agers and following internal policies. One configuration served four services, five configura-
tions served three services, and the remaining ones served either one or two services. Each
configuration served at most one of the three high-demand services, i.e., those with a de-
mand exceeding 10% of the total requests. In addition, there was a configuration serving two
services and addressing 41% of the total requests. Some services had a low overall request
rate, but they were associated with the highest levels of urgency, e.g., services 6 and 9 in
Table 3.3. All in all, finding good-quality solutions to the problem is not straightforward for
a decision-maker, even if the frequency of requested services is known.

After analyzing the historical data, we created and solved 61 realistic instances, consid-
ering up to 90 scenarios similarly generated. It is important to mention that instances do not
share information; that is, when solving, e.g., instance o with SBPA, no information about its
future patients is known in advance, and no scenario has information about its future patients.
Besides that, all patients in each scenario are considered fictive patients and do not count in
the final solution of the instance o.. When deciding at time ¢, the algorithm considers only
the fictive patients whose arrival time is in the interval [t, 1 + A).

3.5.2 Computational results

In the following discussion, we first study the influence of some parameters on the solu-
tion quality and computing time, namely: (i) the policy m € {wFIFO, wEDD, wLPT} used to
schedule patients to servers; (ii) the size of the time step A between two subsequent optimiza-
tions; (iii) the number of scenarios |E| for SBPA and SBPRA;; (iv) the consensus function ®;
and (v) the use of the Recombination Solution step. As random choices may influence the
computational results, we solve each instance ten times for each parameter combination, re-
porting the average, best, and worst results.

The first results are related to comparing the three policies T € {wFIFO,wEDD, wLPT}
to schedule patients. Results are presented in Table 3.4 and consider |E| = 0, i.e., they are
obtained by running the plain RE-OPT algorithm. We compare the performance of the con-
sidered policies over three different re-optimization time step values: A € {60,120,180},
expressed in minutes. The performance indicators are based on the objective function values:
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for each instance h € H, we get the best, worst, and average solution values, i.€., Zj min» Zh,max»
and zj, respectively, given the ten runs. This is considered for each A and ©T combination. We
also compute the average indicators considering all 61 instances, resulting in zZyin, z, and Zmax
accordingly. Besides that, for each instance, we report how many times a policy obtained the
best values in terms of 2, min, Zx and zj max. We denote these values by BEST (zmin), BEST (Z)
and BEST (zmax ), respectively. As a result, summing the corresponding values in the cells of
the wEDD policy with the ones in the wFIFO and wLPT policies, in the absence of ties, gives
61 (i.e., the total number of instances). Formally, by using p to denote one of the pp,x = 10
runs, we have:

l Pmax

. (P) > (P) (P)
Zhmin = Mmin  z; (AT = 7, (AT Zn = max z; (AT
o Pe{l,..~,sz\x} h ( 7 )’ pmax p;] h ( ’ )’ omax pe{ly..-,pmax} h ( ’ )
1 _ 1 _ 1
Zmin = 77,7 Zh,miny, <= Ty Zhy  Zmax = 7757 Zh,max
‘H| heH ‘H| heH ‘H| heH
and

BEST (Zmin) = BEST (Zmin (A, T0))
=[{h€H: Zmin (A,T) < Zmin (A, ), V' € {WFIFO, WEDD, WLPT} } |
BEST (Z) = BEST(Z(A,m))
=|{h€eH: z,(A,n) <z (A'), Vo' € {wFIFO,wEDD,wLPT}} |
BEST (Zmax) = BEST (Zmax (A, T0))
=[{h€H: zpmux (AT) < Zhmax (A,), V1" € {WFIFO, WEDD, wLPT} } |.

In other words, the value of 7 is the overall average objective function value for all 61
instances, all 10 runs for each instance, and all parameter configurations. This value gives
an overall perspective of the algorithm’s performance over different instances and parameter
configurations. A small value corresponds to a superior overall algorithm performance com-
pared to the others. The value of zy;, corresponds to the overall average value among the
minimum objective function values for all instances and parameter configurations, providing
insights into the algorithm’s average performance for the best solutions found over the ten
runs. On the other hand, the value of z;,« is the overall average value among the maximum
objective function values for all instances and parameter configurations. It gives information
about the overall algorithm performance, considering the worst solutions found over the ten
runs.

In the results of Table 3.4, we observe that reducing the time step of the re-optimization
parameter systematically affects the solution quality. On average, from A = 180 to A = 120
the value of 7 has a reduction superior to 20%. We notice a similar behavior when passing
from A = 120 to A = 60. When comparing policies, it is evident from the last three columns
that both wEDD and wFIFO policies significantly outperform the wLPT policy. For instance,
when A = 180, wEDD achieves the best solutions in 42 out of 61 instances, while wLPT
achieves it in only 14 cases. This behaviour is also evident when considering zmin, Z and Zmax-
The average improvement using either WEDD or wFIFO over wLPT is around 10% for zpin
and around 18% for both Z and zax.

In Table 3.4, we also note the occurrence of ties in the last three columns, primarily due
to the comparable performance of wEDD and wFIFO policies. Indeed, when fixing A, the
sum of the occurrences of the three policies often exceeds 61, for BEST (zmin), BEST () and
BEST (zmax ). Moreover, the results of wEDD and wFIFO policies are similar for zp;n, Z, and
Zmax, With slightly better overall results obtained by wEDD. These findings show that both
wFIFO and wEDD policies consistently produce better solutions than those produced by the
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TABLE 3.4: Results of the plain RE-OPT algorithm for the three

policies 7.
A T Zmin 4 Zmax BEST (zmin) BEST(Z) BEST (Zmax)
wEDD 1579926 2178641 2962455 34 38 39
60 wFIFO 1583503 2181730 2964863 35 45 39
wLPT 1595821 2367925 3295606 24 11 20
wEDD 2101170 2706187 3428427 38 46 54
120 wFIFO 2095694 2706766 3435523 44 51 54
wLPT 2453185 3471583 4541212 17 2 3
wEDD 2992400 3677627 4547705 42 40 48
180 wFIFO 2992304 3677449 4547626 44 44 48
wLPT 3324875 4255414 5092104 14 10 10

wLPT policy. It is important to comment that all policies are relevant as they approximate
different queuing situations, and deciding which one to apply is not straightforward in prac-
tical situations. Due to the nature and applicability of each policy, we decided to present
results for each one of them also in the next tables.

The next results are related to the SBPA heuristic and the new version we propose,
SBPRA. Tables 3.5-3.7 show the results obtained with A = 60,120 and 180, respectively.
We aim to compare the gap, i.e., the relative difference between the value of the solution
produced by an algorithm and a reference value. The gap values are not given in percentages.
Each table contains results for different policies of RE-OPT, SBPA, and SBPRA, besides the
various combinations of consensus functions and numbers of scenarios. For SBPA, the con-
sensus functions ® are AVG, BEST, and WORST, while for SBPRA they are the consensus
functions AVG-R, BEST-R, and WORST-R, as discussed in Section 3.4. The number |Z| of
scenarios we attempted is in {5, 10,20, 30,45,60,90}.

The values in the tables are calculated as follows: for each instance & € H, we assume
as reference value Zmin s = Zmin (A) = ming g, |z z}lp) (A), i.e., the minimum among all runs
considering all algorithms for the given time step A. Then, for each instance solved with each
algorithm in each run, with any combination of policy, consensus, and number of scenarios,
we calculate the relative gap Sz;p) from the reference value. For each consensus function ®
and number of scenarios |E|, as well as for each instance, we determine the average gap 8z
over all runs. Finally, we calculate the overall average gap over all 61 instances, denoted by

8z, where lower values indicate proximity to the reference value (i.e., a better performance).
Formally:

p) —-
AT O, |E]) — Zmina (A
SZ;(qp) _ SZEIP) (A, 7,0, ||) <y (A, 0,|E) Zmln,h( )

Zmin,h (A>
R P 1 pmax
82 = 821 (A0, [E) = — Y 827 (A, 7, 0, |E])
max p—1
p— p— —_ 1 —_ —_
SZ = SZ(A,TC,(O, |‘:") = H Z 8Zh (A,TC,O), |‘:‘|) :
heH

In Table 3.5, both SBPA and SBPRA have better performance than RE-OPT as the num-
ber of scenarios |Z| increases. The improvements are substantial for all policies. For example,
considering |Z| = 90 and consensus BEST, the percentage reduction in the gap values com-
pared to RE-OPT is about 70%, while it is more than 80% with consensus BEST-R. Similar
findings can be noted for all the policies considered, confirming a significant improvement
of both SBPA and SBPRA over RE-OPT. Besides that, we note that the newly proposed
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TABLE 3.5: Comparison in terms of overall average gap (8z) from the
reference value, for A = 60.

number of scenarios: |Z|

T 0 RE-OPT 5 10 20 30 A5 60 90 Average

- 1.53 1.53

AVG 1.08 0.89 0.73 0.67 0.59 0.54 0.47 0.71

BEST 1.09 0.91 0.76 0.70 0.61 0.56 0.50 0.73

wEDD  WORST 1.08 0.89 0.73 0.67 0.58 0.53 0.45 0.70
AVG-R 0.68 0.52 0.44 0.40 0.36 0.34 0.30 0.43
BEST-R 0.69 0.53 0.44 0.40 0.36 0.34 0.30 0.44
WORST-R 0.69 0.53 0.44 0.40 0.36 0.35 0.30 0.44

- 1.53 1.53

AVG 1.10 0.90 0.75 0.68 0.60 0.54 0.47 0.72

BEST 1.11 0.91 0.77 0.70 0.63 0.57 0.53 0.75

wFIFO  WORST 1.10 0.90 0.73 0.67 0.57 0.52 0.44 0.70
AVG-R 0.68 0.53 0.45 0.40 0.36 0.34 0.29 0.44
BEST-R 0.69 0.55 0.47 0.42 0.39 0.36 0.34 0.46
WORST-R 0.70 0.54 0.45 0.41 0.37 0.34 0.30 0.44

- 1.75 1.75

AVG 1.09 0.89 0.75 0.66 0.57 0.51 0.45 0.70

BEST 1.09 0.91 0.77 0.67 0.58 0.54 0.48 0.72

wLPT  WORST 1.08 0.89 0.75 0.66 0.57 0.52 0.46 0.70
AVG-R 0.70 0.51 0.42 0.39 0.36 0.34 0.30 0.43
BEST-R 0.70 0.52 0.43 0.40 0.36 0.34 0.30 0.44
WORST-R 0.71 0.54 0.43 0.40 0.37 0.34 0.30 0.44

SBPRA always has the best performance, with an overall value of &z that, considering all
scenarios, consensus functions, and policies, is around 0.44 against 0.72 of SBPA, with a
remarkable decrease of about 38%.

Table 3.6 presents the results for A = 120. Similarly to A = 60, SBPA and SBPRA have
the best results as the number of scenarios increases, with SBPRA achieving the best over-
all performance. SBPA improves the results of RE-OPT for any combination of consensus
function, number of scenarios, and policy, reaching an improvement of 66% when |Z| = 90.
With SBPRA, the improvement is even more significant and amounts to 78%. Consider-
ing the three different policies, we observe similar results with wEDD and wFIFO for each
combination of the number of scenarios and consensus function. In addition, both policies
outperform the results of wLPT. For example, considering all SBPRA consensus functions,

the value of 8z is around 0.50 for wEDD, while it increases to about 0.56 for wLPT.
Table 3.7 shows the results for A = 180. Once again, the proposed SBPRA is superior
to the other algorithms. Moreover, the results obtained with the wEDD and wFIFO policies

are superior to those of the wLPT policy, with the value of 8z around 0.98 for wEDD and
wFIFO, and 1.10 for wLPT, considering all SBPRA variants.

The results in Tables 3.5-3.7 reveal that the larger the number of scenarios is, the better
the solution is for both SBPA and SBPRA. The improvement is particularly notable when
A = 60, as shown in Figure 3.3. It is worth mentioning that improvements in the solution
quality are observed for all combinations of time step A, policy 7, and number of scenarios
|Z|. Overall, smaller values of A contribute to obtaining higher-quality solutions. Regard-
ing the algorithms, introducing the Recombination Solution step in SBPA was fundamental
to improving all solutions compared to the classical SBPA. A comparison of the consensus
functions AVG-R, BEST-R and WORST-R over AVG, BEST and WORST, respectively,
given all combinations of A, w, and |E|, indicates an average improvement of 38%, ranging
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TABLE 3.6: Comparison in terms of overall average gap (8z) from the
reference value, for A = 120.

number of scenarios: |Z|

T ® RE-OPT 4 0 20 30 45 60 9o Average
- 2.08 2.08
AVG 161 138 1.5 106 094 08 078 LIl
BEST 161 141 117 110 096 092 080 114
WwEDD  WORST 161 138 1.3 105 093 08 076 110
AVG-R 097 085 072 065 059 056 050  0.69
BEST-R 097 086 073 065 060 056 050  0.70
WORST-R 098 086 073 065 059 056 050  0.70
- 2.08 2.08
AVG 162 139 1.4 107 096 08 077 112
BEST 163 141 116 1.10 097 092 080 114
WwFIFO  WORST 163 139 1.3 106 093 087 075 LIl
AVG-R 097 085 073 066 060 056 050  0.70
BEST-R 098 085 073 067 061 056 050  0.70
WORST-R 098 086 073 066 060 056 050 0.0
- 2.94 2.94
AVG 172 148 125 1.3 101 094 08 119
BEST 172 149 125 1.3 102 095 083 120
WwLPT  WORST 173 149 126 1.16 103 096 083 121
AVG-R 112 096 079 073 067 062 055 078
BEST-R 113 095 079 073 067 062 056 078
WORST-R 113 096 080 074 068 064 056  0.79

from a minimum of 32% to a maximum of 43%. This enhancement is evident when ob-
serving the graphs in Figure 3.3. Besides the superior performance of SBPRA compared to
SBPA for the same value of |Z|, SBPRA still outperforms SBPA with the next value of |Z|
(i.e., comparing it with the next column of Tables 3.5-3.7). This confirms that adding the
recombination solution is significantly more beneficial than only adding more scenarios to Z,
which is a relevant achievement.

—
C
—

FIGURE 3.3: Values of 8:z obtained with SBPA and SBPRA for the
three time steps over all consensus and policies, summarizing the re-
sults in Tables 3.5-3.7.

A common issue for SBPA implementations may concern the computational effort re-
quired to attain satisfactory solutions [115]. This is often associated with implementing
effective consensus functions and the number of used scenarios. In the proposed SBPRA,
we also have an ILP model that is exactly solved (no time limit was imposed), which could
make this issue even more evident. Table 3.8 provides an overview of the average computing
time (in seconds) required to solve an instance, for the entire time horizon, with the proposed
algorithms, assuming different combinations of time step A and number of scenarios |Z|. We
decided to aggregate the computing times of the different consensus functions and policies
for SBPA and SBPRA because they are quite similar. As expected, the computing times
associated with each time step increase as the number of scenarios increases. However, the
difference between the time required by SBPA and SBPRA is very small, less than 2 seconds
on average, for all values of A and |E]|.

Observing Table 3.8, the computational times of RE-OPT are very low compared to those
of SBPA having many scenarios (e.g., |E| = 90). On the other hand, computing times get
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TABLE 3.7: Comparison in terms of overall average gap (8z) from the

reference value, for A = 180.
. ® RE-OPT number of scenarios: |Z| Average
5 10 20 30 45 60 90

- 2.65 2.65
AVG 2.17 1.93 1.68 1.52 1.39 1.30 1.18 1.59
BEST 2.17 1.93 1.68 1.54 1.40 1.33 1.21 1.61
wEDD  WORST 2.17 1.92 1.68 1.53 1.39 1.30 1.20 1.60
AVG-R 1.30 1.14 1.03 0.95 0.89 0.83 0.78 0.99
BEST-R 1.29 1.14 1.03 0.96 0.90 0.84 0.78 0.99
WORST-R 1.30 1.14 1.03 0.95 0.90 0.84 0.78 0.99
- 2.65 2.65
AVG 2.17 1.93 1.64 1.49 1.37 1.28 1.15 1.58
BEST 2.17 1.94 1.64 1.52 1.37 1.30 1.18 1.59
wFIFO WORST 2.17 1.94 1.64 1.49 1.37 1.28 1.17 1.58
AVG-R 1.25 1.13 1.01 0.93 0.88 0.83 0.76 0.97
BEST-R 1.25 1.12 1.01 0.94 0.88 0.83 0.76 0.97
WORST-R 1.25 1.13 1.01 0.93 0.87 0.83 0.76 0.97
- 3.23 3.23
AVG 2.40 2.12 1.81 1.68 1.58 1.50 1.41 1.79
BEST 2.40 2.11 1.80 1.67 1.54 1.45 1.33 1.76
wLPT WORST 2.40 2.12 1.83 1.71 1.59 1.52 1.45 1.80
AVG-R 1.44 1.27 1.10 1.03 1.01 0.95 0.92 1.10
BEST-R 1.44 1.26 1.09 1.00 0.96 0.90 0.84 1.07
WORST-R 1.45 1.27 1.12 1.05 1.03 0.98 0.96 1.12

closer to each other when SBPA and SBPRA have only |Z| = 5. Notice that these two al-
gorithms are superior to RE-OPT even with 5 scenarios. By increasing A, we notice that
computing times reduce when |Z| < 10, since less re-optimization is needed. This does not
happen for larger values of |Z| because the scheduling of patients is more frequent. Since
re-optimization is performed every A minutes, this implies a very short computing time for
SBPA and SBPRA. In any case, we can conclude that the execution times of both SBPA and
SBPRA are compatible with their use in practice (as they are all much shorter than the length
of the re-optimization time step A), and that SBPRA does not require any significant increase
in the computing time with respect to SBPA.

TABLE 3.8: Computing times (in seconds) of the proposed algorithms.

number of scenarios: |Z|

A Heuristics 0 5 10 20 30 45 60 90 Average
RE-OPT 1.55
60 SBPA 2.52 5.04 1075 17.16 26.78 38.25 64.68 23.60
SBPRA 2.60 531 11.08 17.75 28.65 40.08 66.28 24.54
RE-OPT 0.89
120 SBPA 1.98 4.14 9.26 1594 2795 42.01 78.59 25.70
SBPRA 2.02 4.21 9.80 16.75 28.13 4190 78.13 25.85
RE-OPT 0.60
180 SBPA 1.85 423 1098 19.40 3691 58.87 116.59 35.55
SBPRA 1.83 441 11.36 20.13 37.64 59.52 114.78 35.67
Average 1.01 2.13 456 10.54 17.86 31.01 46.77 86.51 28.48




Chapter 3. Assigning multi-skill configurations to multiple servers 45

3.6 Conclusions

Optimizing the flow of patients in outpatient facilities is a hard task. Patients with different
needs and priorities wish to be serviced as soon as possible. For different reasons, they may
leave the facility without receiving care, negatively impacting the facility’s performance. In
this study, we optimize the use of servers in an outpatient facility, handling a real-world
dynamic and stochastic problem. The objective is to assign configurations (each compris-
ing different services required by the patients) to the servers so as to reduce the number of
abandoning patients and the total weighted tardiness. We solve the problem by means of an
innovative algorithm that we call the Scenario-Based Planning and Recombination Approach
(SBPRA). SBPRA generalizes the well-known Scenario-Based Planning Approach (SBPA)
by including a dedicated mathematical model that combines the solutions found for different
scenarios in order to find a new, possibly more balanced solution. Both algorithms make use
of an inner Reduced Variable Neighborhood Search (RVNS) to decide the assignments of
configurations to servers.

In the computational experiments performed on real-world instances, we evaluated how
the re-optimization time interval to update the servers, the number of scenarios, the consensus
function, and the policy to schedule patients impact the solution quality and the computing
time. The results show that large values of the re-optimization time interval affect the solution
quality. Thus, a decision-maker should pay attention and act as soon as she detects an increase
in tardiness or patients abandoning the facility. The results also show that increasing the
number of scenarios improves the solution. This conclusion is clearly observed when the re-
optimization time step is set to 60 minutes. Concerning the scheduling of patients, it can be
a wise decision to schedule them according to their weighted target time or weighted arrival
time instead of the expected weighted processing time.

We observed interesting insights also when comparing the SBPRA against the SBPA
and a plain re-optimization algorithm (called RE-OPT) that does not invoke scenarios. The
proposed SBPRA is indeed quite efficient. Even with a few scenarios (e.g., 5), we observe
satisfactory improvements over the SBPA and RE-OPT results. In particular, the SBPRA
outperformed the SBPA by 38% on average on their best configuration, a quite impressive
result. Moreover, its computing time is relatively small, especially considering a dynamic
and stochastic problem solved over a large time horizon.

Setting the number of scenarios to 90 and the minimum re-optimization time step to 60
minutes proves to be the most efficient choice for the SBPRA, resulting in the best solution
values, obtained with an average computing time of around 66 seconds. It is important to
mention that using just 30 scenarios already produces very good solutions while reducing the
computing times of the SBPRA by two-thirds on average.

After all, we observe that there is still room for future research. First, regarding solution
methods, other (sophisticated) heuristics to handle patient scheduling could be used instead of
simple policies to improve the solution quality. For example, the very elaborated branch-and-
regret (see, e.g., Coté, Queiroz, Gallesi, and Iori [30]) could be implemented and compared
with the proposed SBPRA. Another interesting direction could be to investigate the impact
of other consensus functions and data-driven neighborhood searches.

Second, the distribution of abandonment times in outpatient facilities can be influenced
by various factors, such as queue lengths, the patients’ priority weight, and even the overall
workload of the facility. Priority weights may increase while patients wait in the facility, indi-
cating that priorities could change over time. Patients may abandon the facility sooner if they
observe long waiting times or their priorities increase. Conversely, patients might wait longer
in less crowded periods before abandoning the facility. All these indicate that abandonment
times are due to the current conditions inside the facility. Understanding the interaction be-
tween these dynamic factors and their influence on patient abandonment patterns can provide
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valuable insights to facility managers. All information about the facility, including queue
lengths, patient waiting times, and priority weights, could be integrated into the optimization
process. Thus, decision-makers at the facility could update patient scheduling on the fly to
achieve the best overall practice.

Third, introducing new constraints that better model real-world applications is also an im-
portant future research direction. This could be the case for time-budget constraints, which
involve a maximum amount of time a server or a specific configuration can remain active.
This constraint reflects cases in which the available resources must satisfy specific time win-
dows. Another direction could be to investigate conflicting KPIs (e.g., patients’ needs and
facility costs), so handling a multi-objective objective problem by proposing multi-objective
RVNS-based algorithms (as in, e.g., [89]).
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Chapter 4

A storage location assignment
problem with incompatibility and
isolation constraints

In this chapter, we explore a variant of the Storage Location Assignment Problem (SLAP) that
incorporates product-cell incompatibility and isolation constraints (SLAP-PCIIC), as found
in pharmaceutical warehouses. The objective is to minimize picker travel distances while
respecting stringent operational and safety constraints. We propose an Iterated Local Search
algorithm, which effectively addresses the problem, as demonstrated through computational
experiments on diverse instances. This research is presented also in [73, 74].

4.1 Introduction

Pharmaceutical or equipment shortages in healthcare services strongly influence healthcare
services, are often the cause of interruptions and delays in attendance, increasing the chance
of putting patients’ lives at risk. Constant item replenishment and the use of high inventory
levels constitute the traditional approach to avoid this problem [113] [4]. However, this
solution has been often considered expensive and difficult to manage, as it requires large
dedicated spaces in facilities and the workload of healthcare personnel [117].

Recently, more efficient strategies have been adopted, as acquisitions through Group Pur-
chasing Organisations (GPO) and wholesalers. Centralised warehouses sharing to store to-
gether products to be distributed to different customers located in the same geographical area
are one of the most successful approaches. By allowing healthcare facilities to share a com-
mon structure to store a large volume of products, centralised warehouses are particularly
useful. Also, they fasten the delivery process when they are needed. This enables a constant
material flow, a reduction in the personnel costs, a reduced storage space in the customer
facility and a lower work burden over healthcare workers. These benefits strongly depend on
the warehouse reliability and capability of delivering the ordered products in the short terms
defined by the customers. In turn, this reliability directly requires an efficient warehouse
internal organisation, which is a result of a good storage location policy.

A storage location policy is a general strategy to assign Stock Keeping Units (SKU) to
storage positions inside a warehouse. It aims at optimising a metric (e.g. total time or distance
travelled to store and retrieve SKUs, congestion, space utilisation, pickers ergonomic), while
considering issues like product re-allocations efforts, demand oscillation, picking precedence
and storage restrictions.

Commonly, the metric adopted to compare these strategies is the distance travelled by
the pickers to retrieve all products in a list of orders. The relevance of this metric is due to
the fact that picking operations accounts for around 35% of the total warehouse operational
costs [120] and the energy/time spent to reach a product location is a waste of resources
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that must be minimised. In other frameworks, the evaluation may also consider issues like
congestion, picker ergonomic, product storage conditions and total space utilisation, that can
also lower the warehouse operation efficiency. In this study, we address a problem originat-
ing from real life operations of a pharmaceutical products distributor. As a main goal, the
optimisation of a dedicated storage allocation policy in a picker-to-parts warehouse, i.e., a
warehouse where each product is assumed to have a dedicated/fixed position and any time an
order request is received, pickers move to reach product location to retrieve order items. In
more detail, we deal with a Storage Location Assignment Problem with Product-Cell Incom-
patibility and Isolation Constraints (SLAP-PCIIC). In this problem, some products cannot
be assigned to certain locations due to reasons like ventilation or refrigeration (product-cell
incompatibility), and some other products need to be isolated from the unconstrained ones
due to contamination or toxicity concerns (isolation).

In our Iterated Local Search (ILS) algorithm, a set of orders and a warehouse layout
are taken in input and a list of assignments of products to locations that minimises the total
distance travelled to fulfill the orders is returned. Our main contribution relies on extensive
instance tests of the ILS algorithm proposed in [73] with larger instances, an enriched and
updated literature review and a deeper exposition of input warehouse data processing. In-
ferring the distance matrix from warehouse layout input data, though necessary for most of
SLAP algorithms initialization, is not an easy task: in order to improve algorithm usability,
we dedicated Section 4.4 to a detailed description of this process. Also, Figures 4.1 and 4.2
are integrated for easier readability and faster comprehension.

The remainder of the paper is organised as follows: in Section 4.2, an extended litera-
ture review is presented; Section 4.3 provides a detailed problem description; Section 4.4
presents all the data processing done before the optimisation starts; Section 4.6 describes the
various instance sets used to test the ILS algorithm; Section 4.5 presents the ILS algorithm;
Section 4.7 describes the numeric experiments carried out, results are provided and then the
conclusions are drawn in Section 4.8.

4.2 Literature review

The Storage Location Assignment Problem (SLAP) is a generalisation of the well know As-
signment Problem in which a set of elements must be assigned to a specif position inside a
storage area. It is also related with the Quadratic Assignment Problem (QAP), mainly due to
the methods used to evaluate the solutions [102]. Most of times, SLAP variants have com-
plex constraints and objective functions that includes considerations about warehouse layout,
picking policy, picker routing policy and order batching [35], that together can make the
solution evaluation slow or imprecise.

The SLAP constraints are mostly related with strategic or tactical decisions taken by
warehouse managers, as warehouse dimensions and layout, shelves capacities, storage policy,
facility function, etc [110]. By their own nature, these decisions are hard to be changed,
disregarded or relaxed, due to the costs, training or setup times involved.

The most important constraint in this sense is the warehouse layout. It basically defines
the number and position of available storage locations, as well the physical barriers that
guide or reduce picker’s mobility. It also implicitly defines if the picker will need machines
to recover products allocated on higher places, tight corridors [27] or with mobile racks [42],
causing a increase on picking time or even internal congestion.

Warehouse layouts are usually classified according two main characteristics: the number
of blocks (single block or multi block) and the presence (or absence) of stacked/high level
storage. In a warehouse organized in blocks, each block can be defined as a set of identically
long, parallel and aligned shelves separated by aisles (i.e. corridors). Each aisle traverses
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a pair of shelves along its whole extension without being crossed by any other aisle (called
in this case a cross-aisle). Stacked storage (or floor stacking storage), on its turn, is the
configuration in which the allocation of products can be organized in stacks with one product
directly put over another or in shelves vertically divided [83]. In low level warehouses all the
shelves are only low headed and the items can be picked by a walking picker. Consequently,
if some items locations are not reachable for a picker without the help of an elevator/stair the
warehouse is classified as a high level storage warehouse [129] [31].

The definition of warehouse layout is followed by the decision about the storage policy,
that can be divided in three main groups: random storage, dedicated storage and class based
storage [120][133]. A random storage policy allocates products in empty positions inside
the warehouse using a random criteria (e.g. closest open location), without including any
evaluation in the decision process. Dedicated storage goes in the opposite sense, by ranking
the products according to some criteria - popularity, turnover, Cube per Order Index (COI)
- putting the best ranked products close to the accumulation/expedition locations. Finally, a
class based storage separates products in groups according to some popularity criteria and
tries to optimize the position and size of each class [103].

Several studies report that random storage policies lead to a better space utilisation, due to
frequent reuse of storage positions, but increase the travelled distances to pick the products
[81] and require higher searching times or control over product locations [91]. Dedicated
storage, on its turn, reduces the picking distance, but cause the rise with re-allocations costs
(because of demand fluctuations) and space utilisation, as empty spaces can be reserved to
products not currently available. Class based policies are a balance between random and
dedicated storage strategies, but they require more strategic efforts to define the number of
groups and their positions on the warehouse.

Random storage is rarely studied in the literature, being more an operational and practical
approach used as a benchmark to evaluate other methods [85]. One noticeable exception is
[91], which proposes a heuristic to dynamically allocate pallets in a storage area considering
stacking constraints in order to reduce the total area used. Pallet stacking is also discussed in
[83], which proposes a bi-objective mathematical model and a constructive algorithm.

A dedicated storage policy is considered in [35], in which exact distance evaluations
are used to define the product assignment. [49] proposes a non-linear model and an ILS to
address a storage allocation problem in a multi-level warehouse considering the compatibility
between product classes. In [120], by departing from an S-shape routing policy and multi-
level storage a two-phase algorithm is created to assign items to locations, and a multi-criteria
approximation is used to evaluate the solutions. Other notable works regarding dedicated to
storage are [9], which propose a storage assignment and travel distance estimation to design
and evaluate a manual picking system and [14], which propose a model to describe a storage
assignment problem, solving it to proven optimality for small instances.

Class based policies are studied in [93], [81] and [80]. In [93], class boundaries are
defined based on the picking travel distance in a two-block and low-level warehouse where
returning routing policy is used. The second uses a Simulated Annealing algorithm to define
classes and assign locations to them inside a warehouse considering simultaneously space
and picking costs. The work in [80] extends [81] by using a branch-and-bound algorithm
instead of a heuristic, and by including space use reduction in the considered metrics.

In [87], the authors propose a data-mining based algorithm that uses association rules
to define product dedicated positions in order to minimise the travelled distance in a picker-
to-parts warehouse. Similar approaches are presented in [128] for optimizing storage with
correlations related with bill of materials(BOM) picking, [75] for class based policy, [29] for
cluster assignment, [41] for product classification and storage, and [58] for frequent item set
grouping and slot allocation. In [66], an ABC classification and product affinity method is
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used to define the best positions for the products. A set partitioning approach is presented in
[60] to allocate entire areas, instead of specific locations, to group of products.

Some warehouses can also adopt some kind of zoning storage, in which each zone con-
tains only a subset of the items stored (defined by any criteria) and each picker only re-
trieve and transport products stored in a single zone. This approach leads to reduced travel
distances, but requires an additional work on order consolidation to put together products
picked in the different zones. A more recent approach, more suited to large e-commerce
retail warehouses, is the mixed-shelve storage, in which one product can be stored in several
locations to be easily retrieved from any region of the warehouse, even if it requires large use
of automation to find each item [129] [94] [22].

Another high level decision that affects the storage allocation strategy is the the picking
system. The two main systems are pickers-to-parts and parts-to-pickers. In the former, pick-
ers depart from a consolidation/expedition point and perform a tour to pick each product in
their location, manually or by using some vehicle. In the latter, an automated storage and
retrieve system, composed by one or more automated guided vehicles, picks ordered items
and delivers them in the place where they will be prepared to be dispatched [9]. Pickers-to-
part systems usually are easier and cheaper to implement and are more robust to changes,
as most of times it is operated by humans, that adapt better to new situations than machines.
Parts-to-picker however make the picking activity faster and more regular along long working
shifts.

Picker-to-parts systems are addressed in [86], [84] and [85]. The first models the ware-
house operation as a Markov chain in order to calculate the expected distance travelled by the
picker in three different zoning cases. The second propose a heuristic for a case where con-
gestion effects are considered. The last use a genetic algorithm to define the best workload
balance among the pickers.

Parts-to-pickers are the subject of a large set of works. In one of the most recent stud-
ies [76] describe an integrated cluster allocation (ICA) policy, that considers both affinity
and correlation in order to minimize retrieval time. This approach is extended in [77], who
include the concept of inventory dispersion and propose mathematical models to define prod-
uct positions in a warehouse with robot based order picking. In [57], new routing algorithms
are proposed based on autonomous vehicles communication capabilities provided by new
Internet of Things (IoF) technologies;

We can also highlight the existence of the pick-and-pass system (also called progressive
zoning system [85]), in which each picker is responsible to retrieve a specific subset of prod-
ucts in an order and then deliver the incomplete order to the next picker, until all the products
to be put together and dispatched. This system is commonly associated with a zone storage
policy.

Among the metrics commonly used to evaluate assignment quality we can cite: shipping
time, equipment downtime, on time delivery, delivery accuracy, product damage, storage
cost, labour costs, throughput, turnover and picking productivity [104][96] [132]. By a large
margin, however, the most commons are picking travel time and travel distance [96]. Their
popularity is directly connected to an easier evaluation, representation and visualization. As
disadvantage, we can mention the need of solving one or more instances of the Travelling
Salesman Problem (TSP) or Vehicle Routing Problem (VRP) - depending on the presence
of picker capacity constraints or multiple simultaneous picking tours. This additional opti-
mization problem can let the overall process slow, depending of the number of assignments
tested and the methods used to solve the TSP/VRP. In this sense, it is worth to mention that
the travel distance metric has an additional advantage of allowing disregarding issues related
with congestion, handling time, picker speed or searching delays.

In this context, several methods to optimise order picking routes have been proposed,
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both inside SLAP variants studies or in independent researches. As pointed out in [35], rout-
ing problems in warehouses can be seen as special case of the Steiner Travelling Salesman
Problem, that in some layouts can be solved to optimality ([95], [71] and [101], [24]) but in
general layouts is mostly solved using heuristics ([32], [27], [97], [109]). For difficult layout
warehouse configurations, exact algorithms for optimize picking route do not exist because
the dynamic programming approaches used on single-block warehouses are not easy to be
generalized for two or more cross-aisles [20]. The few exact methods available are used to
solve problems with already defined warehouse allocations (as can be seen also in [48] and
[96]) and they are mostly algorithms based on a graph theoretic algorithm for single-block
warehouses [71].

Nonetheless, it is known that in real life operations pickers tend to deviate from optimal or
non-intuitive routes [39]. To simulate this behaviour, many studies consider simple heuristics
for picker routing as return point method, largest gap method, returning point or S-shape
routing [31][39] [58]. These heuristics also simplify order picking evaluation as they quickly
allow the computation of travelling distances in deterministic problems or the evaluation
expected travelling distances in stochastic problems [35]. Some operational constraints can
also make pickers deviate from optimal routes. It is the case in [111], which describes a
warehouse by imposing a weight precedence rule during the picking, so that the heaviest
products are retrieved before lighter ones. Congestion avoidance is either a factor that impacts
on route definition. For the interested reader, an extensive analysis of these routing algorithms
is presented in [31].

Another commonly used technique to deal with the optimisation of order picking routes
is the order batching. It consists in performing the picking of one or more small orders in a
single route, with a posterior products separation on the consolidation/expedition area.

More complex problems are surveyed in [45]. In [114], batching, routing and zoning
are combined to optimise the warehouse operation. A discussion on storage allocation with
product picking precedence can be found in [133], whereas [108] defines a problem where
allocation and routing must be decided jointly in order to avoid congestion during the picking.

The SLAP-PCIIC, discussed in these paper is a storage allocation problem in which prod-
ucts have their assignment locations limited by their characteristics and mutual compatibility.
Studies that deal with joint optimization of storage location assignment and picking routes,
as we propose here, are less common in literature than those ones considering each prob-
lem separately. We can cite [102] and [14], who propose Mixed Integer Programming (MIP)
model to solve their problems.

The SLAP-PCIIC also considers high level storage, non regular blocks, and warehouses
divided in one or more interconnected pavilions. Furthermore, instead of performing an indi-
rect evaluation of the order picking travel distance, we directly optimize order picking routes
during the location assignment optimization. Constraints similar to the ones discussed in
this study can be found in [3] and [12]. The first one, the storage of temperature-sensitive
products is discussed, mainly food and pharmaceutical ones, and a dynamic policy to al-
locate products is proposed, by observing the different temperatures inside the warehouse,
as well seasonal variations, aiming to minimise the picking traveled distance and maximise
the product safety. The second propose a mathematical model to define a warehouse lay-
out to store hazardous chemicals products. Compatibility constraints are addressed in [49],
who proposes an Iterated Local Search (ILS) algorithm to optimize product allocation in a
multi-layer warehouse.
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4.3 Problem description

The SLAP can be briefly described as follows: given a set P of products to be stored, a
tuple ® = (Oy,...,0,) of (non-necessarily distinct) orders, in which an order O; C P is the
subset of products to be picked up by a picker on a single route, and a set L of locations
in a warehouse, define an assignment (that is, an injective function) g : P — L in which
an evaluation function z = v(g,®), to be described next, is minimised. The warehouse is
received in input in the form of a graph, and the travel distance d;; between any pair of
locations i, j € L is calculated by invoking the Dijkstra algorithm. In other words, given the
evaluation function v that maps a value to each ordered pair consisting of a set of orders and
an assignment of products to locations, define the assignment that minimizes v.

In the SLAP-PCIIC, the SLAP variant described here, due to incompatibility and isola-
tion constraints, g is, on the one hand, relaxed to a possible partial assignment, but on the
other hand it is subjected to the constraints of the location-product eligibility, i.e., each prod-
uct is assigned to at most a single location and each location receives at most a single product
while respecting the incompatibility and (strong) isolation constraints. In this framework,
v(g,®) is defined as the sum of minimum travelled distance to pick all the products in each
order (designated by D(g,®)), plus the non negative penalties for non desirable or missing
allocations, (designated by ®(g)). Notice that if all products are allocated, then we have no
contribution to the penalty ® caused by missing allocations, meaning that the lack of prod-
uct assignment to locations is highly deprecated. Following the company’s operational rules,
it is assumed that the warehouse uses a picker-to-parts picking policy (the picker visits the
locations of the products) and orders splitting / folding are not allowed, making each order
an individual and independent route. These assumptions make it possible to decompose the
distance D(g, ®) as the sum of the minimal travelling distances to pick the products in each
order O in the o tuple, designated by d(g, O). With these considerations, and indicating with
G the set of relaxed admissible assignments g : P — L, the SLAP-PCIIC objective function

can be described as:
n

z=min ) d(g,0;)+P(g) (4.1)
8€G 01

It can be noticed that to evaluate each one of the d(g, O;) it is necessary to solve another
optimisation problem, more specifically a variant of the TSP that calls for the minimization of
the travelled distance. Namely, if there is a single accumulation/expedition point, each prod-
uct is assigned to (at most) a unique location and 0’ = {py, - Pjor|} © O C P is the requested
order deprived of those products lacking of location, then d(g,0) is the minimum distance
to depart from the accumulation/expedition point, visit all the locations (g(p1),-..,&(pjo|))
in the best possible sequence and then come back. Conversely, in the SLAP-PCIIC we allow
the presence of more than one accumulation/expedition point, so the picker can depart from
any of these points and return to another if this operation reduces the total distance travelled
D(g, ). The algorithms can be easily adapted to deal with the case in which the expedition
points are, instead, fixed.

Defining an optimal picker routing in the scenario above is relatively simple if the ware-
house is organised in blocks of identical and parallel shelves. However, in the SLAP-PCIIC,
the shelves can have different sizes, cell quantities, orientations and positioning and also be
located in different pavilions. To deal with this setting, a regular distance matrix containing
the distances between each pair of locations is considered as the input of the distance min-
imisation method, disregarding any further information about the warehouse organisation.

The second part of the objective function, the penalty value ®(g), is the sum of two
terms: the number of unassigned products ®;(g) and the number of undesired allocations
®,(g). In this sense, the possible configurations of the function g are limited by a set F of
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assignment incompatibilities and a set I of isolation constraints. Each assignment incompat-
ibility f € F is a hard constraint (i.e., it must be strictly respected) composed by a tuple of
three values (p,n,c) representing a product p, the nature n of the incompatible location (cell,
shelf or pavilion) and the code ¢ of the incompatible location, respectively. For instance, the
incompatibility (pi, “shel f”,k;) defines that product p; cannot be allocated on shelf ;.

An isolation constraint is based on the product classification. Given a set T of types,
representing the most relevant product characteristic to the storage (toxic, radioactive, humid,
etc...), an isolation constraint 1 € I is a tuple of three values (¢,n,s) specifying that products
of type ¢ € T should be allocated in an isolated n € {“cell”,“shel f”,“pavilion”} with an
enforcement s € {“weak”,“strong”}. The enforcement s defines if the isolation is a hard
constraint or can be relaxed with a penalty.

4.4 Input data processing

A common assumption in studies about SLAP is the regularity of the warehouse layout. Most
of the times, the warehouse is represented by sets of parallel and identical shelves that can be
accessed through aisles between them and cross-aisles that allow moving from one aisle to
another. These sets are called blocks, and most of the literature about SLAP or picker routing
considers the presence of one or more blocks in the warehouse.

However, for several reasons, this assumption creates problems when a proposed algo-
rithm needs to be released to production environment. In many facilities, for example, phys-
ical or operational barriers are present (like build columns and machines), so layouts cannot
be represented as simple blocks.

In this section, we describe the format we created to represent general warehouse layouts,
aiming at allowing the use of our algorithm to a large number of warehouses. Furthermore,
we present the data processing performed to get the distance matrix of all the relevant posi-
tions in the warehouse, and thus to make it possible to use TSP algorithms to evaluate the
total distance travelled by pickers to retrieve all the products in a set of orders.

4.4.1 Warehouse input format

The main objective in proposing a new format to describe the warehouse layout is to allow
a quick description of different types of layouts. More specifically, a good format should
provide: (a) easiness of transcription in a spreadsheet or text file; (b) readability; (c) direct
representation on relational databases; (d) a simple and robust representation of internal valid
paths; (e) possibility of defining pavilions and connections between them; (f) possibility of
defining multiple accumulation/expedition points; (g) possibility of defining heterogeneous
shelves and cells.

We defined points (a), (b) and (c) aiming at a future implementation in a decision support
system and also at an easy utilisation of the system, as most users are used to text files or
spreadsheets and most developers are comfortable in using relational databases.

The robustness to represent paths (point (d)) was considered due to the existence of sev-
eral operational rules that limit the traffic inside warehouses, mainly when it involves large
vehicles or robots. In the proposed format, it is possible to define rectilinear corridors (with a
start position, length, direction and sense) and rectilinear segments (with start and end posi-
tion) to connect two corridors (see Figure 4.1). Non rectilinear corridors or connections were
left out due to the variable number of points needed to define them and also because of the
difficult evaluation of their length. We also defined that corridors must be parallel to one of
the Cartesian axes, not allowing in this way oblique corridors.

Points (e) and (f) were adopted to take into consideration larger warehouses, in which
internal divisions are common and operations can be less centralised. Notwithstanding, the
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pavilions must be always represented as rectangles, as allowing other formats would signifi-
cantly increase the representation complexity.

FIGURE 4.1: Partial warehouse representation with main elements
information. The dashed lines are corridors, and the dashed arrows
are curves
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Point (g) is modelled to allow describing warehouses with a very diversified set of stored
items, from large machines that are positioned on pallets to small tools that can be stored in
cabinet drawers.

The resulting format is a union of seven tables (Pavilions, Shelves, Cells, Corridors,
Curves and Pavilion Exits, Accumulation/Expedition Points), as presented in Figure 4.2.
Each pavilion is composed of a code, a point (with coordinates x and y over a Cartesian
plane) representing the bottom-left extremity, width and length (the height is not important
to our problem, but can be easily included if needed). By its turn, each shelf has either
a code, a bottom-left point, the number of rows and columns, the size of the cells (width,
length and height) and the block code indicating where it is located. Each cell has a code,
width, length, row and column at the shelf, a reference to the shelf and a number of vertical
levels (1 or more). Corridors have a code, an initial point, a direction (horizontal or vertical),
a sense (up-down, bottom-up, left-to-right, right-to-left, both), a length and a reference to the
block where it is located. Each curve has a code, a reference to both corridors it connects, an
initial point and a final point (in this case the length is calculated by the application). Each
block exit contains a point, a width, a code and a reference to the blocks it connects. Finally,
accumulation/expedition points are composed of a code and a bi-dimensional coordinate.

Products and orders use similar structures, but with less data. Each product is represented
by a tuple containing code, description and type (size and weight are not considered in this
problem) and each order with a tuple containing a code and a deadline. A list of items is
assigned to each order, where each item contains a product code and a quantity.

4.4.2 Distance matrix extraction

Once all input information has been loaded, it is necessary to process it to get useful infor-
mation for the algorithm. Basically, from a warehouse layout description we must extract a
distance matrix containing the distances from each delivery point or storage location to all
the others, and a compact representation of cells, shelves and blocks to check if the allocation
prohibition and isolation constraints are being respected. The representation of warehouse
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FIGURE 4.2: Warehouse database
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structures (i.e. cells, shelves and blocks) was done simply using standard object-oriented
classes, with no relevant improvements, so it is not detailed in the text.

To build the distance matrix we follow three steps: (/) transform the warehouse layout
in a directed graph; (2) separate the vertices that represent storage locations and accumu-
lation/expedition points from those that represent the paths in the warehouse; and (3) run
iteratively a shortest path algorithm to determine distances between vertices.

The first step, the conversion of the warehouse in a graph, starts by creating vertices to
represent accumulation/expedition points and inferior levels of the cells (i.e. those located
closer to the ground, that are the connection points between shelves and corridors). The
vertices are positioned in the central point of the cell level. After that, vertices to represent
high levels in cells are created, always in the level central point. In detail, when there is more
than one level in a cell, each vertex representing a cell level is connected by two arcs, one in
each sense, to the level immediately above and below. In other words, when a cell is divided
in five vertical levels, the third level is connected with the fourth and the second levels, but
not with the first or fifth levels. The edge length correspond to the vertical distance between
the level centres, that is the height of the cell divided by the number of cells (i.e. the height
of a single level). In the instances of our study, the level height is fixed in 1.5 units.

It is important to notice that in this approach vertices representing external adjacent cells
in a same shelf are not directly connected by an edge, except in some special cases that are
described later. This is based on the fact that, in many cases, a picker needs to do a non-
negligible backward movement to go from a cell to another. The length of this backward
movement, however, is as small as the distance from the closest corridor path to the shelf, so
it depends on the input and can be adjusted by the user.

Once connections between the vertices in the shelves have been completed, the process
of connecting these shelves to the corridors begins. We consider that each rectangular shelf
can be accessed only by its longest sides (except for squared shelves, that can be accessed by
any side). In case of a vertical shelf (i.e. a shelf with the longer side parallel to the y-axis), we
consider that a path may reach the shelf through its lateral (left/right) extremities, whereas
for a horizontal shelf we consider bottom/up extremities. When the shelf is squared, four
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corridors are selected, following the same logic. A corridor can not be selected if it does not
go through all the shelf side or if it is located in a different pavilion. If there is no corridor
in one of the sides, all the inferior cell levels in that side are connected to the adjacent cell
levels in the opposite side, to become accessible from the remaining corridor. This is one of
the special cases mentioned in the previous paragraph. If there are no corridors in the laterals
of the shelf, this shelf is considered unreachable.

After the adjacent corridors be defined, each inferior cell level vertex is connected by
a pair of edges (one in each sense) to a vertex created over the corridor exactly in front of
the cell vertex. The new vertices created on corridors in the previous step are then merged
with the vertices that represent the extremities of the curves (that are always over corridors)
to define all the valid paths in the warehouse. Two consecutive vertices on a corridor are
connected by two edges in a two-way corridor (designated by the word "both" in the field
"sense" on corridor input data) and one edge otherwise. To avoid confusions, we defined that
there is not a curve on corridor interception points, thus it is not right to suppose that it is
possible to move from a corridor to another through these points unless a curve passing on it
is defined.

Following the procedure, each vertex representing an accumulation/expedition point is
connected to the closest non-storage vertex in the pavilion in which it is located by two
edges, one in each sense. This connection can be a traversal one if there is no possibility of
establishing a horizontal or vertical one.

To connect two different pavilions, we first create a vertex to represent each pavilion
exit and then connect it to the closest vertex in each pavilion. The connection with pavil-
ions vertices are done in both senses, with the same rules adopted to connect the accumula-
tion/expedition points described in the previous paragraph.

After all these steps, we obtain a graph that represents the connections between all the
relevant points in the warehouse. During the graph building process, all vertices are associ-
ated with the location they represent, so it is possible to associate each edge with the distance
between its incident vertices in the warehouse. Furthermore, each vertex receives a label that
is used to define if it is a storage vertex or a vertex representing an accumulation/expedition
point, thus being relevant in the distance matrix. The graph built is then passed to an algo-
rithm that calculates the distance matrix.

The algorithm that calculates the distance matrix is a loop, where at each iteration a Dijk-
stra shortest path algorithm is executed departing from one storage or accumulation/expedition
vertex. In this way, all the graph vertices are considered in the shortest path evaluation.

4.5 TIterated Local Search

In this section, we present the ILS algorithm that we developed to solve the SLAP-PCIIC.
First, a constructive algorithm is invoked by ILS to generate an initial solution, and then three
different neighborhood structures are explored to attempt improving the solution.

Two main phases constitute the constructive algorithm (see Algorithm 6). In the first
phase (described in lines from 6 to 23), locations are assigned only to the products without
isolation constraints (i.e., products that do not belong to any tuple 1 € I) or to those with
isolation constraints involving an enforcement s = “weak”. In the second phase (described in
lines from 25 to 40), it assigns locations to isolated products, according to their types. This
procedure, by helping controlling ®(g) value, promotes the allocation of a greater number of
products, since the constrained products are usually fewer and could lead to a large number
of unusable locations.

Request frequency is the first product sorting criterion used by the algorithm. Initially, all
the products are sorted by descending order of popularity, i.e., the products more frequently
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required are put first, and those less frequently after, where popularity is inferred from the
tuple of orders . In a similar way, the storage location sorting criterion is the distance from
the closest accumulation/expedition point (from lowest to highest). Then, the most popular
product is assigned to the closest empty location, whenever this assignment is allowed. In-
stead, if an assignment is forbidden, the algorithm explores iteratively the next location, until
an allowed position is found or the loop reaches the last position. If a product belongs to a
strongly isolated type, it is not assigned during this phase.

In the second phase of the constructive algorithm, all the products presenting strong iso-
lation constraints are divided by type (as shown in line 25 in Algorithm 6) and, similarly, the
isolated warehouse locations are grouped by level (block, shelf or cell), in line 26. At this
point, the allocation is done according to the structure size (from largest to smaller), starting
from the isolated blocks and finishing with the isolated cells. At each step, the product types
that have the corresponding isolation level are selected while preserving the frequency order.
Then, each type is assigned to the isolated area where it is possible to maximise the total
frequency, without worrying with the internal assignment optimisation. The list of avail-
able positions and products is updated at each step. The algorithm ends either when all the
available isolated spaces are occupied or all the products are assigned.

Algorithm 6: Greedy algorithm

1 g+ 0// Start with an empty assignment
2 L* + distanceSort(L)// Locations are ordered by distance
3 A< L*// Available locations
4 P+ sortByFrequence(P);

// First part of greedy algorithm

foreach p € P do

=5

6 if isStronglyIsolated (p) then
L continue;

8 [ + firstAvailable(A);

9 while true do

10 if /== null then

1 | break;

12 if isForbidden (I, p) then

13 I + nextAvailable(A);

14 continue;

15 g gU(p,l);

16 A A\{l};

17 | break;

// Second part of greedy algorithm
18 A « stronglyIsolatedProductsBy Type(P);
19 ¥ < availablelsolatedStructures(A);
20 u < allocateOnlIsolatedBlock(Y,¥)// First allocation: assigns products isolated by block
21 g gUu;
22 ¥+ updateAvailablelsolateStructures(¥, u);
23 A + updateStronglylIsolatedProductsBy Type(u, P);
// Second allocation: assigns products isolated by shelf
24 p < allocateOnIsolatedShelf(Y,¥);
25 g gup;
26 ¥ < updateAvailableIsolateStructures(¥,u);
27 A + updateStronglyIsolatedProductsByType(y, P);
// Third allocation: assigns products isolated by cells
28 u < allocateOnlsolatedCell(Y,¥);
29 g+ gUu;
30 ¥ < updateAvailablelsolateStructures(¥,u);

It is significant to notice that, due to incompatibility and isolation constraints, it may
be impossible to assign all the products to the warehouse locations. This may happen even
when the number of available locations is higher than the number of products. Moreover,
as a heuristic method, the constructive algorithm may be not able to find an initial feasible
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assignment even when it exists. In both cases, the solution evaluation procedure penalizes the
objective function according to the number of unassigned products (i.e., the value of ®;(g)).

However, a valid solution can still report one of the side effects of allocating groups of
isolated products together in the warehouse. The first is assigning relatively good positions
to several products with a low number of requests due to the existence of some very popular
products in the set, that are responsible of a skewed popularity of that group. The second
effect is approximately the opposite, i.e., due to a low group average popularity, very popular
products can be allocated in bad positions. Both these problems are analogous to those that
are reported in class or zone based storage location problems [93] [81].

According to the procedure described in Section 4.5.1, the objective function of an initial
solution is calculated, immediately after being created by the greedy algorithm. Then, the
ILS heuristic enters in a loop devoted to the exploration of the solution space (see lines 4
to 25 of Algorithm 7). This loop is composed by three neighbourhood structures that are
combined as a single local search, and a perturbation method.

Within a loop iteration, a small set of neighbours of the current solution (denoted by g) is
evaluated by each neighbourhood structure and the one with lowest objective function value
is stored, thus using a best improvement criteria. Then, denoting by g" the best solution in
the loop, and by g* the best global solution, they are compared, and every time g" is better, it
is assigned to g* and the number of iterations without improvement (line 22) is reset. Finally,
a perturbation of g* is performed at the end of the iteration. The loop stops if the number of
iterations without improvement reaches the value of the input parameter iterations without
improvements (IWI).

In order to avoid non significant improvements, we enforce the comparison criterion, by
assuming that an assignment g; is better than an assignment g; if and only if the objective
function value of g; is at least 0.1% lower than that of g; (i.e., the ratio of between difference
of solution values, v(g1,0) —v(g2,0), and the old solution value v(g2,0) must be smaller
than 6 = —0.001).

Algorithm 7: TLS algorithm

1 g* < initialSolution(L,P)// Get greedy assignment
2 g g%
3 nonlmprovinglter < 0;
4 while nonlmprovinglter < IWI do
5 g" < g// Initialize the best solution in loop
6 g’ + mostFrequentLocalNeighbourhood(g);
7 if Y8n0-Ue0) 5 § e
v(g",0) =
8 | "« s
9 g’ + insideShelfLocalNeighbourhood(g);
10 if W8"0)v(g.0) 5 § tpen
v(g".0) =
u AR &
12 g+ insidePavilionNeighbourhood(g);
13 if W8"0)v(g.0) » § then
Wg0) =
14 | &"«¢;
// Update best global solution
15 nonlmprovinglter <— nonlmprovinglter + 1;
16 if 20 ve".0) > § then
v(¢*,0) =
17 g +—3g";
18 nonlmprovinglter < 0;
19 | g< perturbation(g*);

In the local search we use as neighbourhood structures simple location swaps between
two products. The first neighbourhood (mostFrequentLocalNeighbourhood) is obtained by
swapping the assignments of two products belonging to the subset of 20% most required
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products. The second (insideShelfNeighbourhood) is obtained by swapping the assignments
of two products assigned to locations in the same shelf, working as an intensification of
the search. The third neighbourhood (insidePavilionNeighbourhood) is a wider search: the
locations of pairs of products assigned to the same pavilion are swapped.

The neighbourhood structures work following the same steps: (i) randomly choose two
products, (ii) check if the swap between these products is valid, (iii) evaluate the change in
objective function and store the best solution found.

Three rules are used to check the swap validity: (1) all swaps that assign a product to a
forbidden position are not allowed; (2) no swaps are allowed between a product belonging to
a strongly isolated type and a product not belonging to a strongly isolated type; (3) no swaps
between products of different types are allowed. We remark that validity does not imply
feasibility. In fact, while the two first rules were introduced to avoid infeasible solutions
in the search, the third was created to filter the moves in order to avoid the recalculation
of the penalties related to weak isolated types. It can be noticed that the third rule makes
the second redundant: second and third rules are complementary, indeed. We tested two
algorithm versions in the numeric tests, one with rules (1) and (2) (type-free swap policy),
and the other with rules (1) and (3) (same-type swap policy).

In order to evaluate the solution after a swap, we reevaluate the distances of the routes
affected by that swap and the total of products with weak isolation constraints allocated in
altered areas. As the number of swaps performed during the algorithm execution is huge and
the number of orders can easily reach some thousands, the procedures to evaluate them must
have a strong performance.

When all neighbourhoods have been explored and the global best solution has possibly
been updated, the best global solution undergoes a perturbation. This perturbation consists
in |P/20 unconstrained and valid swaps, chosen randomly and applied in a loop. The resulting
solution is then used as the initial solution in the next ILS iteration.

4.5.1 Solution evaluation

Concerning the evaluation of the routing distance, we combine two ideas: first, we make use
of different TSP algorithms depending on the size of the instance and, second, we keep track
of routes that passes from each position, and we take advantage from this by recalculating
only those picking distances of routes containing products involved in the swap. In this case,
initially the algorithm retrieves all the routes affected and checks if a route passes from both
locations where the products are currently allocated. If the route has both locations on it, the
re-evaluation is not necessary (because the set of locations to be visited does not change),
otherwise the route is reevaluated with the new location in place of the old one.

The evaluation is controlled by the parameter TSP (., ). In this parameter, the constants
o and B are two integers representing the order size thresholds used to choose each algorithm
method for estimating the minimum distance to visit the product locations in a route. Let
|O| be the number of items in an order O in the tuple o, if |O| < a an exhaustive search is
run (i.e., all the possibilities are tested and then the distance found is optimal). Otherwise,
if o0 < |O] < B, a closest neighbour algorithm is used to initialise the route and a subsequent
quick local search is performed. In this local search, (|O| — 1) swaps among two consecutive
locations are tested in (|O| — 1) iterations (always departing from the first to the last product)
and the current solution is updated when the swap reduces the smaller distance. Finally, if
|O| > B, only the closest neighbour heuristic is performed.

The complexity of the route evaluation method described above is easily seen to be
quadratic, as the exponential time approach is limited depending on the number of visited
points. Though not being able to guarantee an optimal route, it is better suited to our purpose
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of using non block-based warehouse layouts than algorithms based on the method proposed
in [95].

We use Algorithm 8 below in order to explain how the evaluation of penalties is done by
breaking weak isolation constraints. This pseudo code shows the process for shelves, but, in
practice, it can be easily replicated for cells and pavilions.

Algorithm 8: Isolation penalty evaluation after a swap

1 totalPenalty < 0;

2 S < allShelves(L);

3 T" + WeaklsolationTypes();

4 Ps < productsAllocated(g,s) VseS;
5 foreach s € S do

6 P+ {p|p€ P type(p) € T"};
7 Pr<{p|pePstype(p) ¢ T"};
8 T, < {type(p) | p € Bs};
// Group products with isolation constraints by type
9 H < {p € Pi|type(p) =t} VteT"
10 if |P;| =0 or |distinct(T;)| =1 then
11 L continue;
12 penalty < 0;
13 x < maxerv(|H;|)// Type with max cardinality
14 r < x;
15 if |P¢| > |P;| then
P; 2

16 penalty < Wpep - l\PJ\ ;
17 else

2.,
18 L penalty < Wyey - %Tﬂ;
19 | totalPenalty < totalPenalty + penalty;

First, the algorithm gets all the allocated products and groups them by shelves (line 4).
Products are grouped by type for each shelf (line 9) and then the algorithm counts the number
of different product types assigned to the shelf. If there is only one type assigned to the shelf
or if no assigned product has an isolation constraint 1 € I|n = “shel f” (see isolation constraint
definition on Section 4.3), no penalty is applied (lines 11 to 13). Otherwise, the actual penalty
evaluation is performed (lines 14 to 22).

The penalty strategy is based on the division of the products assigned to a structure (which
can be a shelf, a cell or a pavilion) into two groups, one with isolation constraints and another
without. The group with less assignment in this structure is defined as the minority, while the
other one is said to be the majority.

The method tries to push the search through the predominant configuration by penalizing
minority groups. For example, if the shelf is mostly occupied by products belonging to types
without isolation constraints, it penalizes the products with isolation constraints (lines 17 and
18) that are the minority. In the same way, it penalizes products belonging to types without
isolation constraints if they are the minority in the shelf (lines 19 and 20). Moreover, instead
of simply counting the number of products and to distinguish among similar assignments, the
proportion of products belonging to the minority/majority over the total number of products
is considered. This decision was taken due to the fact that only counting the products was
causing no changes after a swap in the total penalty.

4.6 Instance sets

In order to test the algorithm performances, we built up several instance sets, which are to
be described in this section. We created three warehouse layouts Wy, W, and W5 with several
differences between them, not only regarding the number of positions, but also regarding
how these positions are distributed in the area. A short description of the warehouses is
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provided in Table 4.1. Visual representations of the warehouses are provided in Figures 4.3,
4.4 and 4.5. The shelves are defined by the rectangles with circles on the corners. The dashed
lines are the corridors and the dashed arrows are the connections between the corridors. The
accumulation/expedition points are represented by isolated circles, as well as the connection
between two pavilions is represented by a triangle (see the detail in the centre of Figure 4.5).
In these figures, it is possible to notice some of the aforementioned characteristics of these
generalised warehouses, as the presence of heterogeneous shelves or blocks, the mandatory
moving sense and the multiple accumulation/expedition points.

FIGURE 4.3: Layout of the warehouse W,

FIGURE 4.4: Layout of the warehouse W,
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The experiments were performed in three steps. In the first step, the goal was the anal-
ysis of the algorithm performance by considering only the travelled distance and thus its
suitability at dealing with directly calculated distances. In the second step we tested the per-
formance by considering the incompatibility and isolation constraints, in order to check if
these constraints were well handled in the algorithm. The third step was aimed at analysing
the algorithm performance over a set of large instances, the word large referring to a higher
number of products and orders.

By using the instance set /;, we tested both the insertion of products and the algorithm
parameters. We experimented the insertion of two sets of products in the warehouses, one
with 100 and the other with 200 products. For each product set, we tested scenarios with
|®| =500, 1000 and 5000 orders. For each combination of warehouse, number of products
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TABLE 4.1: Warehouse layout overview [73].

ID | pavilions shelves cells accum/exp points

Wi 1 10 200 3
W, 1 10 240 3
W3 2 12 260 3

and number of orders, five realistic instances were created, for a total of |[;| =3-2-3-5=90
instances. In all these instances, we used cells with only one position/level, as showed in
Table 4.1.

Regarding the algorithm parameters, we investigated two values: the maximum number
of IWI, used as stopping criteria, and the TSP thresholds described in Section 4.5. Three
values of maximum number of IWI were tested, and three different combination of the two
TSP thresholds. Additionally, we tested the local search with and without incompatibility
of swaps between products of different types. In this way, 3 -3 -2 = 18 algorithm parameter
combinations were experimented.

To test the algorithm capabilities in managing incompatibility and isolation constraints,
we used a subset of the initial instances, using 3 variations to each combination of warehouse,
number of products and number of orders, for a total of 3-2-3-3 = 54 instances. For each
of these 54 instances, we tested 5 incompatibility and isolation constraints, leading to a new
instance set I, with |l;| =5-54 = 270.

To analyse the algorithm run time growth and also to check its efficiency in a large ware-
house, we performed the experiments summarised in Table 4.4. In these instances, there are
no isolated types or prohibited allocations and the warehouse is an expanded version of the
warehouse W3, as described in Section 4.7.

In all the instances mentioned above, the number of products by order was determined
following a Poisson distribution with average number of events equal to 6. The products
inside each order were defined following a uniform distribution, but preventing the same
product from being requested twice in the same order.

4.7 Computational evaluation

In this section, we describe the numeric experiments performed to test the efficiency of the
proposed ILS algorithm. In these experiments, we observed the algorithm performance on
heterogeneous sets of instances, by monitoring features of interest such as the average run
time, the local search capacity of improving the initial solution, the influence of the parame-
ters on the final solution, and the solution quality.

The algorithm was implemented in C++17 language, with source code being compiled
with -O3 flag. The tests were performed on a Dell Precision Tower 3620 computer with
a 3.50GHz Intel Xeon E3-1245 processor and 32GB of RAM memory, running the Ubuntu
16.04 LTS operational system. All the executions were performed on a single thread, without
any significant concurrent process.

The results obtained for the /; instance set are presented in Table 4.2, grouped by the
TSP evaluation parameters. Each line in this table represents the average over five instances
of the computational results with a specific algorithm parameter setting. Column zy gives
the average initial solution value produced by the greedy algorithm, column z.s gives the
average solution value produced by the ILS, column time(s) reports the average run time of
the ILS in seconds, and column %G shows the average percentage gain of zp,., with respect
to 2p.
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We start our analysis from the effect of the TSP evaluation parameters on the solution
value. As the constructive algorithm is not affected by these parameters, it provides always
the same initial solution to a given instance, but with a different objective function value, due
to the difference in the solution evaluation.

As expected, using exact evaluations (and better heuristics) in more routes leads to a
decrease in the objective function values, but considering the initial solution value, this vari-
ation is inferior to 5% in total from the most precise to the less precise evaluation, which
suggests that simple heuristics are sufficiently efficient to check the quality of a storage as-
signment. This evidence is in accordance with what is stated in the literature and practised in
real scenarios, mainly by the pickers, that tend to follow the most intuitive and sub-optimal
routes [32] [39]. On the other hand, the improvement on evaluation precision is unequivo-
cally counterbalanced by a significant run time increase if the whole algorithm is considered.
The total run time using the T'SP(7, 11) configuration is over the double of the total run time
using the TSP(5,9) configuration.

An interesting effect of the TSP evaluation parameter in the solution is the negative cor-
relation between the evaluation precision and the improvement obtained by the local search.
In other words, if we increase the number of routes that are evaluated by an exact method
(or better heuristics), we get less improvement over the greedy solution. A possible cause of
this result is the higher probability of a travel distance over-estimation when evaluating good-
quality solutions if the evaluation precision is low. This could guide the search to a region
with low-quality solutions, increasing the convergence time without improving the solution
quality.

In the same sense, it is noticeable that an increase in the number of products and orders
in the instances also reduces the gains over the initial solution. This is an expected result, as
it is harder to balance all picker route distances if there are more routes to balance and more
points to visit among the different routes.

When comparing the results of scenarios with the same evaluation parameters but differ-
ent IWI values, it is possible to notice that a higher IWI only slightly improves the average
gains over the initial solution (on average less than 0.7 percentage points increase for each
two more IWI), even with significantly higher run times. Among the hypotheses to explain
this behaviour, we can cite a bad performance of the perturbation method to escape from local
optima, a too quick convergence of the method to values close to an average local optimum,
the existence of too many local optima, or the existence of several regions of the solution
space with very similar characteristics causing repetitive searches.

It is interesting to notice that when comparing “type-free swap” with “same-type swap”
results, the latter on average gets better solutions with a higher run time. We expect that
a more restricted swap could lead to a quick conversion and thus a worse solution. As the
differences between solutions are relatively small, while between run times are relevant, we
can suppose that the method, when using a more restricted local search, performs more but
smaller improvements. This explanation is compatible with concerns about meta-heuristic
parameter calibration, in which a developer tries to balance the size of intensification and
diversification steps in order to find a better algorithm performance.

In Table 4.3, we show the algorithm results for instances with isolation and allocation
incompatibility constraints. In the table, ®q gives the average value of the initial penalties,
D, the average value of the penalties in the best solutions produced by the ILS, %G, the
average percentage gain over the initial objective function values, and %Gg the average per-
centage gain over the initial penalties. In Table 4.3, the block Isolation I refers to instances
containing one type of weak isolation constraints, the block Isolation 2 refers to instances
containing one type of weak isolation and one type of strong isolation constraints. Besides
that, both the blocks Isolation I and Isolation 2 in the table are subjected to allocation in-
compatibilities.
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TABLE 4.2: Computational results on instance set I; [73]. Each line
is an average on 90 instances.

Swap policy TWI TSP(5,9) TSP(6,10) TSP(7,11)

20 Zbest  time(s) %G 20 Zhest  time(s) %G 20 Zbest  time(s) %G

6 1675434.0 1025435.0 683.0 41.88 1644702.6 1059339.3 788.0 38.27 1604009.9 1149117.5  1519.7 30.85
Same-type 8 1675434.0 1016371.8 830.8 42.70 1644702.6 1047753.8 991.4  39.19 1604009.9 1137799.8 1709.8 31.47
10 1675434.0 1007464.1  1038.8 43.34 1644702.6 1042574.2 1126.9 39.70 1604009.9 1130933.5 2078.8 32.10

6 1675434.0 1035816.2 589.0 41.39 1644702.6 1065611.6 722.7 3759 1604009.9 1153347.8 12249 30.18
Type-free 8 1675434.0 1030057.3 709.2  41.85 1644702.6 1059577.0 893.1 38.21 1604009.9 1144094.8  1525.9 30.75
10 1675434.0  1024599.0 866.0 42.26 1644702.6 1055123.4  1090.6 38.56 1604009.9 1143325.2 1858.5 31.20

TABLE 4.3: Computational results for instances with isolation and

incompatibility constraints on instance set I, [73]. Each line is an

average on 3 instances. Parameters used: 8 IWI, TSP(7,11). Swap
policy: type-free.

. Isolation 1 Isolation 2

Id [Pl W o] - -
20 Py Zhest Doy %G, %Go  time(s) 20 Py Zhest Doy %G, %Ge  time(s)
1 500  405287.9 51048.9  225120.3 37610.6 44.32 2538 276.5  632041.1 344081.8 503372.6  317109.3 20.36 7.84 288.2
2 Wi 1000 749806.0 49873.4  430050.9 31858.6 42.63  35.43 713.7 1187816.0  621282.7  977614.8  590412.1 17.64  4.96 499.6
3 5000 3558644.9 49217.2 2193491.7 52373.3 3836  -6.53  2839.9 5659723.9 2795037.9 4846198.5 2786653.8 14.37  0.30  2119.7
4 100 500 383964.6 54282.0  240575.6 42760.2 37.33  20.93 261.0  613230.2  353249.2 534527.6  341856.0 12.82  3.15 203.0
5 W, 1000 704103.1  51699.1 469837.4  42271.7 33.28 17.90 680.6 1162098.5  644019.8 1025637.5 ~ 619162.5 11.77  3.90 489.7
6 5000 3332955.4 54780.4 2276342.0 52617.7 31.70 2.89  3005.5 5555117.6 2933844.9 4960398.8 2911717.1 10.71 0.76  2388.9
7 500 371185.3 58468.7  251748.4 36607.4 32.19  36.99 334.2 575261.8  346403.8 518039.3  334616.3  9.94  3.39 402.6
8 W3 1000 673638.7  49932.3 504716.8 38462.8 25.07  21.97 611.3 1096946.6  632364.3 1001514.8  621692.1 8.70 1.73 519.2
9 5000 3221278.3 58714.3 24447562 46692.6 24.10 19.00 3519.7 5296059.8 2928326.8 4907968.1 2915739.4 7.32  0.43  2897.5
10 500 438229.7 27666.7  326534.0 26333.3 25.48 4.87 281.8 728354.9  363274.5 576015.8  297922.2 20.98 18.17 278.5
11 Wi 1000 854100.0 32666.7  633261.7 24000.0 25.83  26.33 766.9 1223601.2  503051.5 1022193.0  412985.7 16.44 17.91 622.5
12 5000 4208520.8 51535.1 3145456.1 59535.1 2526 -25.94  2824.4 5413919.5 1718497.8 4499844.1 1673331.1 16.88 2,62 3092.1
13 200 500  425402.5 30307.5 306401.6  25061.0 27.97  14.48 254.7  T11924.2  362643.5 546403.6  277711.3 23.24 23.43 282.3
14 W2 1000 814109.8 28141.2 622948.2  23876.2 23.47 15.01 760.5 1210574.2  515456.9 993881.1 17.88 13.18 678.9
15 5000 4046685.1 32227.3 2971407.6 30121.8 26.57 6.28  3593.7 5265289.3 1724671.7 4412597.4 5. 16.19 5.02  3621.2
16 500 431234.1  32694.1 356368.3 23407.3 17.36  28.40 441.0 7T11317.5  360032.5 611663.2  297630.6 13.98 17.25 229.6
17 W; 1000 833826.9 31042.3  689633.4 24334.8 17.29 21.15 775.5 1208464.6  504536.9 1055921.7  426959.7 12.61 15.21 532.4
18 5000 4165773.8 30477.8 3403163.1 310354 18.31 -2.27  3409.6  5349024.8 1733807.5 4761622.8 1645191.5 10.98 5.11  3864.5
Totals 1731243.0  42656.8 1257468.8 42760.2 37.33  20.93  1486.4 2523801.4 1100055.3 2180204.3  341856.0 12.82 3.15 1362.0

We can first observe a satisfactory improvement over the initial solution obtained by the
local search, although smaller than that observed in the previous results. Nevertheless, in
instances without hard isolation constraints, this metric raises to 19.4% and 15.1% in blocks
Isolation I and Isolation 2, respectively. These results may suggest that if the constructive
algorithm does not handle well isolation constraints, then local search has troubles in im-
proving the solution.

We notice that the local search reduces proportionally less the penalty value than the
overall objective function value, except in instances with 200 products in warehouse W3 (lines
16 to 18 of Table 4.3), suggesting that the method could be giving more relevance to travel
distance.

The average run time is smaller than one hour for almost all instance settings, except on
instances on lines 15 and 18 and Isolation 2. It suggests that the method converges in an
acceptable time even in more realistic and complex mid-size instances.

In Table 4.4, zg, Zpest, %G, and time represent the average values for five different in-
stances. In this case, the gain over the initial solution obtained by the search is between 2%
and 4%. This interval is far inferior to those observed in smaller instances, as expected, but
still relevant in a real life operation. The run time rises approximately in a linear way with
respect to the number of orders (6.37 times for instances with 800 products and 7.18 times
for instances with 1600 products), but very fast with respect to the number of products to be
allocated, getting to an average of 48 hours for instances with 1600 products. It suggests that
the amount of order data is not a critical factor in algorithm scalability.

An interesting result can be noticed when observing the initial solution value. While this
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TABLE 4.4: Computational results on large instances. Parameters
used: 8 IWIL, TSP(7,11). Each line is an average on 5 instances.

—
o

P| o | 20 Zpest %G, time(s)

400 5000 | 4150015.0 3438747.4 3.43 6727.4
800 2000 | 1737677.0 1467340.2 3.11 7035.9
800 10000 | 8945296.0 7596591.4  3.02  44700.2
1600 2000 | 1722730.4 1518573.6 2.37  23162.5
1600 10000 | 9025347.8 7749001.4 2.83 166274.7

G W N

seems to be directly proportional to the number of orders (as more orders mean more routes),
it does not change with the number of products. This can be explained by the proportional
growth of warehouse capacity per area, which makes the average picking density to remain
similar, causing a similar route distances.

4.8 Conclusions

In this paper, we study the Storage Location Assignment Problem with Product-Cell Incom-
patibility and Isolation Constraints. This generalises the classic Storage Location Problem,
by introducing the possibility of preventing the placement of certain products in certain po-
sitions and keeping certain product families isolated. In a pharmaceutical logistic operators
context, this problem is often encountered when aiming at improving warehouse performance
while maintaining flexibility in defining warehouse layout. Additionally, the work also de-
scribed how to process the warehouse input data, which can be useful in several other studies
that, as this one, need to deal with non-conventional warehouse layouts or for situations
where design changes also need to be evaluated.

To solve the problem, an Iterated Local Search method is proposed and tested on a large
heterogeneous set of instances, demonstrating its suitability in providing good quality solu-
tions within a satisfactory run time. Analysis enlighten that variations on the stopping criteria
involve significant changes in the run time, but just slight changes in the solution quality. On
the other hand, the variations in the parameters related to the TSP solutions (to determine
the pickers’ routes) prove to be very influential in both run time and solution quality. Large
instances are well handled by the ILS algorithm, though with higher run times, with this raise
strongly related to the number of products to be allocated and less to the number of orders
considered. Instances with isolation and incompatibility constraints present lower improve-
ments in the local search phase, but still relevant for commercial purposes.

In the future, we aim to investigate more deeply the influence of initial allocation of
strongly isolated types on the overall performance of the optimization method. General
weighting of the different terms in the objective function 4.1 should be addressed, after an
extensive analysis of several factors, e.g. incidence of the distribution of the various types
of penalties among products, or the ratio between warehouse dimensions and the number of
orders. This could also lead to the development of interesting multi-objective optimization
algorithms. Also, the suitability of the method to more dynamic situations should be inves-
tigated, mainly when different sources of information are available for orders. It could be
interesting to create stronger strategies to avoid route re-evaluation or discard non-improving
swaps, as this could significantly reduce the run time and allow a broader search.
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Chapter 5

Conclusions and future research

In this thesis, we address three distinct optimization problems arising in production and
healthcare contexts: (1) an integrated workforce allocation and scheduling problem in a
two-stage flexible flow shop for perishable products, aiming to minimize unscheduled or-
ders, weighted tardiness, and production costs; (2) a dynamic assignment of server configu-
rations in healthcare facilities to minimize patient waiting times; and (3) a storage location
assignment problem with incompatibilities and isolation constraints to minimize picker travel
distances in pharmaceutical warehouses.

The first problem involves allocating workers and scheduling orders in a two-stage pro-
duction environment. A constructive heuristic was developed to prioritize the minimization
of unscheduled orders, tardiness, and costs. This heuristic was embedded into three meta-
heuristics: Random Multi-Start (MR), Biased Random Key Genetic Algorithm (BRKGA),
and Variable Neighborhood Search (VNS). Computational results demonstrated that BRKGA
consistently outperformed the other approaches, achieving high-quality solutions efficiently.

The second problem focuses on assigning configurations to servers in healthcare facil-
ities under dynamic and uncertain conditions. We proposed the Scenario-Based Planning
and Recombination Approach (SBPRA), which extends the traditional Scenario-Based Plan-
ning Approach (SBPA) by recombining solutions across scenarios. SBPRA, combined with
a Reduced Variable Neighborhood Search (RVNS), significantly improved solution quality
compared to SBPA and other baseline methods, achieving a 38% average improvement. It
balances computational efficiency with solution effectiveness, particularly when using 30-90
scenarios and re-optimization intervals of 60 minutes.

The third problem addresses the Storage Location Assignment Problem with Product-
Cell Incompatibility and Isolation Constraints (SLAP-PCIIC), a variant of the classical Stor-
age Location Assignment Problem (SLAP), incorporating constraints such as product-cell
incompatibility (e.g., refrigeration) and isolation (e.g., toxicity). An Iterated Local Search
(ILS) algorithm was proposed and tested on diverse instances, demonstrating strong per-
formance. The ILS effectively handled large-scale instances and provided robust solutions
within reasonable computational times, even under stringent operational constraints.

Future research can build on these findings by exploring dynamic extensions of the stud-
ied problems. For example, dynamic changes in worker assignments could be incorporated
into the flexible flow shop model, while real-time data integration could enhance the effec-
tiveness of SBPRA in outpatient facilities. A comparative study of these proposed methods
with established stochastic optimization techniques, such as the Progressive Hedging Algo-
rithm (PHA), would also be highly valuable. Such comparisons could provide deeper insights
into the performance trade-offs and scalability of these algorithms, as well as offer opportu-
nities for integrating more sophisticated approaches to stochastic decision-making. Multi-
objective optimization is another promising direction, as many practical scenarios involve
conflicting objectives such as cost minimization and service quality maximization. Develop-
ing algorithms that explicitly address these trade-offs would further enhance the applicability
of the proposed methods.
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Another area of interest is the incorporation of additional real-world constraints to better
reflect operational realities. For instance, time-budget limitations and dynamic abandonment
behaviors in healthcare facilities could provide more realistic models. Similarly, enhanced
decision-making frameworks that combine predictive analytics with optimization algorithms
could significantly improve operational performance, particularly when applied at earlier
planning stages.

Data-driven techniques, such as machine learning, also hold promise for advancing opti-
mization methodologies. These approaches could be used to refine neighborhood searches,
improve consensus functions, or enhance initial solution quality in iterative methods like
ILS. By leveraging such techniques, future research could reduce computational times and
improve solution quality, making these methods even more practical for real-world applica-
tions.

Across these three problems, our work highlights the large demand of advanced optimiza-
tion techniques for addressing real-world challenges involving resource allocation, schedul-
ing, and logistics. While focused on distinct applications, the problems share commonalities
in their need to balance complex constraints and dynamic conditions. Future work could
explore integrating real-time data, hybrid algorithmic approaches, and multi-objective opti-
mization to address evolving challenges in production, healthcare, and logistics.
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