~ A Service of
’. b Leibniz-Informationszentrum

.j B I l I Wirtschaft
) o o o Leibniz Information Centre
Make Your PUbllCCltlonS VZSlble. h for Economics ' '

Makboul, Salma; Kharraja, Said; Abbassi, Abderrahman; El Hilali Alaoui, Ahmed

Article

A multiobjective approach for weekly Green Home Health
Care routing and scheduling problem with care continuity
and synchronized services

Operations Research Perspectives

Provided in Cooperation with:
Elsevier

Suggested Citation: Makboul, Salma; Kharraja, Said; Abbassi, Abderrahman; El Hilali Alaoui, Ahmed
(2024) : A multiobjective approach for weekly Green Home Health Care routing and scheduling
problem with care continuity and synchronized services, Operations Research Perspectives, ISSN
2214-7160, Elsevier, Amsterdam, Vol. 12, pp. 1-19,

https://doi.org/10.1016/j.0rp.2024.100302

This Version is available at:
https://hdl.handle.net/10419/325784

Standard-Nutzungsbedingungen: Terms of use:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen Documents in EconStor may be saved and copied for your personal
Zwecken und zum Privatgebrauch gespeichert und kopiert werden. and scholarly purposes.

Sie durfen die Dokumente nicht fiir 6ffentliche oder kommerzielle You are not to copy documents for public or commercial purposes, to
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich exhibit the documents publicly, to make them publicly available on the
machen, vertreiben oder anderweitig nutzen. internet, or to distribute or otherwise use the documents in public.
Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen If the documents have been made available under an Open Content
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten, Licence (especially Creative Commons Licences), you may exercise
gelten abweichend von diesen Nutzungsbedingungen die in der dort further usage rights as specified in the indicated licence.

genannten Lizenz gewahrten Nutzungsrechte.

.: A B I https://creativecommons.org/licenses/by-nc-nd/4.0/
Mitglied der
WWW.ECOMSTOR.EU K@M 3
[ J . Leibniz-Gemeinschaft


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1016/j.orp.2024.100302%0A
https://hdl.handle.net/10419/325784
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

Operations Research Perspectives 12 (2024) 100302

=
Contents lists available at ScienceDirect

Operations
Research

Operations Research Perspectives

Perspectives

journal homepage: www.elsevier.com/locate/orp

t.)

Check for

A multiobjective approach for weekly Green Home Health Care routing and =~ [
scheduling problem with care continuity and synchronized services
Salma Makboul %", Said Kharraja®, Abderrahman Abbassi ¢, Ahmed El Hilali Alaoui ¢

A LIST3N, Université de Technologie de Troyes, Troyes, France
b University of Lyon, UJM-Saint-Etienne, LASPI, France

¢ Faculty of Sciences Semlalia, Marrakesh, Morocco

d EuroMed University of Fez, Fez, Morocco

ARTICLE INFO ABSTRACT

Dataset link: https://github.com/SMAKBOUL/ Home Health Care (HHC) services are essential for delivering healthcare programs to patients in their

GHHC homes, with the goal of reducing hospitalization rates and improving patients’ quality of life. However,
Keywords: HHC organizat.ion.s face significaflt challc?nges in scheduling and routing caregivers fo.r ho.me care visits .due
Green Home Health Care to complex criteria and constraints. This paper addresses these challenges by considering both caregiver
NSGA-II assignments and transportation logistics. The objective is to minimize the total travel distance and CO,

Mixed integer linear programming
Synchronization constraints
Multiobjective optimization

emissions while ensuring a balanced workload for caregivers, meeting patients’ preferences, synchronization,
precedence, and availability constraints. To tackle this problem, we propose a multiperiodic Green Home
Health Care (GHHC) framework. In the first stage, we utilize multiobjective programming and the NSGA-II
algorithm to generate Pareto front solutions that consider travel distance and CO, emissions. In the second
stage, a Mixed-Integer Linear Programming (MILP) model is proposed to balance caregivers’ workload by
assigning them to the patient routes generated in the first stage. The results highlight the trade-off between
shorter routes and lower emissions. Furthermore, we examine the impact of prioritizing continuity of care
and patient satisfaction. This research provides valuable insights into addressing the scheduling and routing
challenges in HHC services, contributing to a more efficient and environmentally friendly healthcare delivery.

1. Introduction

Home Health Care (HHC) services encompass a wide range of
healthcare programs provided to patients in their own homes [1,2]. On
a daily basis, HHC organizations receive numerous requests from new
patients seeking home-based treatment, necessitating strategic prepa-
rations for caregiver management. The HHC problem is a well-known
challenge in workforce scheduling and routing [3].

Due to the escalating expenses associated with hospital procedures,
primary care has been compelled to offer nursing services at patients’
homes to minimize costs. HHC services aim to reduce hospitalization
rates and alleviate the burden on healthcare facilities [4,5]. These
services enhance the quality of life for patients, particularly those
requiring support and specialized medical care. Reports from the World
Health Organization (WHO) also indicate that elderly patients prefer
informal care in their homes rather than formal care in hospitals [6].
In HHC organizations, the scheduling of home care visits is typically
done manually, resulting in prolonged planning times and additional
expenses [7].
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The HHC problem involves a set of patients who require care from
caregivers based on their specific treatment needs. Skilled caregivers
deliver care using various means of transportation, such as hospital
vehicles, buses, or cars. Consequently, the HHC routing and scheduling
challenge encompasses two primary operational problems: the General
Assignment Problem (GAP) and the Vehicle Routing Problem (VRP).

The problem involves scheduling patients based on their requests
and the specific expertise needed from caregivers. Patients may have
individual preferences regarding their caregivers, including factors like
gender, language, and other relevant considerations [8]. Hence, the
caregiver assignment process ensures that patients’ preferences are
respected while considering the caregivers’ skills. Another important
constraint to consider is the availability of patients throughout the day,
which necessitates visits to be scheduled within specific time windows.

HHC agencies often rely on transportation to ensure the delivery of
care. The primary objective of transportation logistics is to establish
cost-effective routes for vehicle movement. However, the combustion
engines used in transportation produce a significant amount of CO,,
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which directly impacts air quality, particularly in large cities [9]. The
transportation industry is a major contributor to greenhouse gas (GHG)
emissions on a global scale [10-12]. According to the International
Energy Agency (IEA) [13], the transportation sector is responsible for
approximately 23% of global carbon dioxide (CO,) emissions [14].
Environmental consciousness aims to mitigate the impact of toxic emis-
sions on the climate and calls for governments and companies to
address this issue seriously [9]. Many companies and organizations
have committed to adopting practices that actively reduce the amount
of CO, emitted.

On one hand, transport firms have begun taking significant steps
to reduce CO, emissions for various purposes. On the other hand,
governments encourage the use of environmentally friendly vehicles to
achieve the same goal [12].

This study considers the problem in a multiperiodic context, where
each period represents a day. Daily planning involves designing routes
to provide treatment to patients who require multiple care sessions
per day, assigning them to suitable caregivers. The daily problem is
a bi-objective one, aiming to minimize both the total travel distance
and CO, emissions. This problem, known as the Green Vehicle Routing
Problem (GVRP), takes into account several constraints and criteria
related to HHC routing and scheduling. These include balancing care-
givers’ workload, minimizing caregivers’ travel distance, reducing CO,
emissions, considering the affinity between the patient and caregiver,
aligning patients’ needs with caregivers’ skills, considering patients’
availability within specific time windows, addressing the temporal de-
pendency of care sessions, managing precedence constraints, ensuring
synchronization between caregivers, maintaining continuity of care,
and respecting caregivers’ maximum daily workload. As noted by Cissé
et al. [8], there are no available instance sets for explicit comparison of
HHC models and approaches. Therefore, we implemented the standard
Nondominated Sorting Genetic Algorithm II (NSGA-II) and different
NSGA-II-based methods to generate Pareto front solutions using well-
known Traveling Salesman Problem (TSP) benchmarks [15], adapted
with specific HHC data. Our results indicate that shorter routes do not
always lead to lower CO, emissions.

Our proposed approach consists of two stages: The first stage in-
volves a multiobjective programming model that minimizes both the
total travel distance and CO, emissions using different versions of the
NSGA-II algorithm. In the second stage, we introduce a Mixed-Integer
Linear Programming (MILP) model that aims to balance the workload
of caregivers by assigning them to the designed patient routes from the
first-stage model. We also consider scenarios where continuity of care
is not prioritized in the planning process and compare the approach
in terms of objective functions, computation time, and patient and
caregiver satisfaction.

The remainder of this paper is organized as follows: Section 2
provides an overview of current research on HHC scheduling and
routing problems. Section 3 discusses green logistics and transportation
concepts, along with methods for measuring CO, emissions. Section 4
describes the problem under study, including mathematical models and
formulations. Section 5 presents the solution approach, NSGA-II oper-
ators, and local search procedures. Section 6 presents computational
results, utilizing various performance metrics to evaluate the proposed
approach. Section 7 conducts a sensitivity analysis, and Section 8 offers
managerial insights for HHC organizations. Finally, Section 9 concludes
the paper and provides insights for future work.

2. Literature review

In recent years, the HHC problem has attracted considerable atten-
tion in recent years due to its importance in optimizing the capacity
of clinics, nursing homes, and medical personnel while alleviating the
burden on hospitals and clinics [16]. HHC organizations play a crucial
role in providing healthcare services and reducing the strain on health
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care facilities [16]. Heching et al. [17] presented a Logic-Based Ben-
ders Decomposition (BBD) as an exact optimization method for HHC
delivery, showecasing its superiority over mixed integer programming
in efficiently matching patients with healthcare aides and scheduling
their home visits.

The planning process for HHC is typically divided into three deci-
sion levels: long-term strategic, medium-term tactical, and short-term
operational [18,19]. At the strategic level, the focus is on districting,
which involves dividing the HHC service area into clusters of patients
and assigning these clusters to specific resources [8,18]. The strategic
level encompasses three main problems: partitioning, assignment, and
classification [20-22]. The tactical level, influenced by strategic deci-
sions, involves determining the number of caregivers and dimensioning
the necessary resources, which can be personnel or materials [8,23].
Finally, the operational level deals with the assignment of caregivers
to patients and the scheduling of appointments. It encompasses routing
and scheduling problems based on decisions made at the strategic and
tactical levels. For an extensive literature review on HHC planning and
scheduling, refer to Benzarti et al. [24], Di Mascolo et al. [25], Fikar
and Hirsch [26], Cissé et al. [8], Grieco et al. [27], Di Mascolo et al.
[28], Chabouh et al. [29] and Goodarzian et al. [30]. In this study, our
focus is primarily on the literature related to the operational level of
HHC planning and scheduling.

The operational level primarily involves addressing the caregivers’
assignment problem and the HHC routing and scheduling problem. The
caregivers’ assignment problem revolves around determining which
caregiver should be assigned to each patient, while the HHC rout-
ing and scheduling problem focuses on efficiently scheduling patient
appointments for each caregiver. These two problems can be tackled
together or separately [8].

Several factors contribute to the complexity of the HHC routing and
scheduling problem [26]. One such factor is the continuity of care,
which limits the number of caregivers assigned to a patient during a
planning horizon. When a patient is assigned to a specific caregiver
throughout the planning horizon, it is known as full continuity of
care [8]. Continuity of care is a crucial criterion as it helps build
confidence between caregivers and patients. However, due to patients’
varying needs, achieving full continuity of care may not always be fea-
sible. Therefore, researchers strive to minimize the number of assigned
caregivers whenever possible [31]. Synchronization, caregivers’ skills,
and patient preferences are also critical criteria in the HHC routing and
scheduling problem.

The VRP is one of the most well-known and extensively studied
NP-hard problems in operations research [32-34]. It involves a fleet
of vehicles serving a set of customers, with the goal of minimizing
costs associated with travel distance, number of vehicles used, etc.
The routing problem in HHC is a variant of the VRP, incorporating
unique constraints and criteria specific to HHC settings [8]. The GVRP,
introduced by Erdogan and Miller-Hooks [35], specifically focuses on
minimizing Greenhouse Gas (GHG) emissions. For a comprehensive
review of the green routing problem, refer to Marrekchi et al. [36].
In 2014, El Bouzekri El Idrissi and El Hilali Alaoui [37] proposed a bi-
objective GVRP that aims to minimize both total travel distance and
carbon dioxide emissions. They solved the problem using a genetic
algorithm. Additionally, El Bouzekri El Idrissi et al. [38] developed a
technique to estimate carbon dioxide emissions for the capacitated VRP
and used a genetic algorithm to solve it. Messaoud et al. [39] combined
the dynamic VRP with the GVRP to minimize carbon dioxide emissions,
employing an Ant Colony Optimization (ACO) algorithm hybridized
with a large neighborhood search. Zhang et al. [40] addressed the
capacitated GVRP using alternative fuel-powered vehicles, employing
a two-phase heuristic algorithm and an ACO-based metaheuristic ap-
proach. Later, Shi et al. [41] proposed a robust optimization model for
VRP, integrating GHG emission reduction objectives. Using a hybrid
tabu search and simulated annealing approach. They highlighted the
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importance of considering uncertainties, with practical applications
demonstrated in logging truck routing planning.

Turning to the HHC routing and scheduling problem, Ikegami and
Uno [42] proposed an approach to determine the required number
of caregivers, considering maximum service limits, continuity of care,
and time window constraints. Kergosien et al. [43] presented a MILP
model, extending the multiple Traveling Salesman with Time Window
Problem (mTSTWP) to HHC. They aimed to minimize travel time costs
while incorporating HHC-specific constraints, such as patient availabil-
ity, caregiver expertise, care preferences, and synchronization. Nickel
et al. [44] introduced a multiperiod model for HHC, solving it using
metaheuristics combined with constraint programming methods. Ker-
gosien et al. [45] developed an Integer Linear Programming (ILP)
model for blood sample collections in HHC, considering constraints
like blood sample expiration time, patient preferences, and delays.
They used various metaheuristics to solve the problem and select
the best solution. The experimental study utilizes real data from a
Canadian health center. Bard et al. [46] proposed a MILP model for
the HHC routing and scheduling problem and developed an adaptive
sequential greedy randomized adaptive search procedure. Their model
incorporated preferences, patient and caregiver time windows, over-
time, holidays, workload balancing, and other factors. Wirnitzer et al.
[31] presented a mid-term HHC approach using five MIP formulations
with different continuity measures. Grenouilleau et al. [6] developed a
method based on set partitioning formulation and a large neighborhood
search framework. The problem was solved using the columns gener-
ated by the lar ge neighborhood search. Moussavi et al. [47] presented
a metaheuristic approach for integrating caregivers’ assignment and
VRP in the context of HHC. Their approach considered multiple days,
including off-days, and applied a decomposition approach to simplify
the model. Belhor et al. [48] addressed the cancer treatment process
through chemotherapy in the context of HHC, employing a MILP to
minimize delivery time. They also utilized a machine learning method
based on the genetic fuzzy system. Tanoumand and Unliiyurt [49]
proposed an approach to solve the HHC routing problem, considering
consistency between patients’ requirements and caregivers’ skills and
qualifications. They employed a branch-and-price algorithm to solve
the problem.

2.1. Multiobjective home health care (HHC) problems

Multiobjective optimization models have emerged as valuable tools
for balancing various conflicting objectives [50], such as minimizing
operational costs, maximizing patient satisfaction, and promoting sus-
tainable practices in HHC systems. These approaches are resolved using
either exact algorithms or metaheuristics, offering novel insights and
methodologies to enhance the efficiency of HHC delivery. Teresinha
et al. [51] addressed the challenge of optimizing healthcare service
distribution in Brazil, by proposing a partitioning model based on
optimizing population homogeneity, medical procedure variety, and
patient travel distance. Their approach, using a multiobjective ge-
netic algorithm, offers significant advancements in territory districting
and healthcare system optimization. Duque et al. [52] introduced a
bi-objective mathematical model based on a set partitioning formula-
tion for the HHC problem. Their model aimed to maximize services
while minimizing caregivers’ total travel distance, considering pref-
erences, patient and caregiver time windows, holidays, caregivers’
qualifications and skills, and continuity of care. Braekers et al. [53]
proposed a bi-objective approach, aiming to balance cost efficiency
with client inconvenience, shedding light on this trade-off relationship
for the first time in this context. They utilized a mixed integer problem
formulation enhanced with various families of valid inequalities to
address the daily routing and scheduling problem. Additionally, they
proposed several approaches to solve the scheduling subproblem, in-
cluding a metaheuristic solution framework based on multi-directional
local search. Liu et al. [54] analyzed medical team planning and
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scheduling in HHC over a weekly horizon, aiming to minimize opera-
tion costs while maximizing patient satisfaction. Using a mixed integer
program and e-constraint method, they balanced patient requirements,
medical team types, and service constraints, with heuristic approaches
for large-scale instances. Decerle et al. [55] proposed a multiobjective
model minimizing caregivers’ total working time, maximizing service
quality, and minimizing the maximum working time difference be-
tween nurses and auxiliary nurses. They solved the problem using
a memetic algorithm for multiobjective optimization. Ghannadpour
et al. [56] addressed the critical issue of managing medical waste
generated by healthcare centers, emphasizing the importance of proper
waste management to prevent environmental and health risks. They
propose a sustainability-oriented routing model, termed Healthcare
Waste Collection Routing Problem (HWCVRP), aiming to optimize
waste transportation routes while considering economic, social, and
environmental objectives. Using a multiobjective self-adaptive evo-
lutionary algorithm, they optimize the proposed model, demonstrat-
ing its applicability through a case study on a logistics company in
Iran. Fathollahi-Fard et al. [57] addressed the challenge of managing
HHC operations for population aging. They established a multiobjective
robust optimization model considering working-time balancing, care
continuity, and uncertainties. The study innovated efficient heuristics
and metaheuristics to optimize logistics cost, caregiver unemployment
time, and care continuity, followed by a comprehensive comparison
and sensitivity analyses for practical insights. Later, Fathollahi-Fard
et al. [58] focuses in optimizing HHC logistics and services, espe-
cially during pandemics like COVID-19, to ensure efficient caregiver
routing while adhering to social distancing measures. They introduce
a novel triple bottom line approach for sustainable decision-making,
considering economic, environmental, and social factors. Additionally,
they developed a scenario-based robust optimization method to handle
uncertainty and proposed an heuristic algorithm based on Lagrangian
relaxation to handle multiobjective optimization. Ting et al. [59] in-
troduced a bi-objective optimization model for the HHC problem,
addressing nurse and patient preference satisfaction. Unlike previous
studies, they considerered patient satisfaction from the perspectives
of nurse skill level and nurse-patient familiarity. Additionally, they
incorporate nurses’ preference satisfaction regarding overtime duration.
They proposed a hybrid NSGA-II to solve the problem and demon-
strate its effectiveness. Shiri et al. [60] proposed a multiobjective
model for HHC, vital during events like Covid-19 outbreaks, optimizing
health center opening and routing/scheduling while considering so-
cial responsibility and efficiency. Objectives include cost minimization
and maximizing social responsibility. Given uncertainties, they used a
robust-fuzzy approach and validated using a real case study. Bhattarai
et al. [61] proposed a multiobjective framework for HHC services,
utilizing a mathematical model to optimize nurse schedules, enhance
service quality, and maximize provider profit in response to rising
demand and costs. Oladzad-Abbasabady et al. [62] addressed the HHC
routing and scheduling problem with soft and hard time windows,
considering five types of soft temporal dependency constraints. They
proposed a bi-objective model that aims to minimize total costs while
maximizing patient satisfaction, solved using Iterated Local Search
(ILS) for large-sized instances and compared to NSGA-IL. Liu et al.
[63] tackled the HHC routing and scheduling problem in pandemic
scenarios, optimizing caregiver assignments and routes while mini-
mizing costs and workload discrepancies. They proposed an algorithm
that combines multiobjective simulated annealing with adaptive large
neighborhood search, showing, efficacy in achieving trade-offs be-
tween cost reduction and workload balance while considering patient
preferences.

2.2. Green Home Health Care (GHHC) problems

In the area of Green Home Health Care (GHHC), only a few papers
are available in the literature. Fathollahi-Fard et al. [64] proposed
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the first GHHC bi-objective optimization approach using metaheuristics
and heuristics. Fathollahi-Fard et al. [12] introduced GHHC and solved
the problem using a modified simulated annealing algorithm. Erdem
and Kog [65] analyzed a variant of the HHC routing problem where a
group of caregivers uses electric vehicles to perform a requested num-
ber of jobs. Makboul et al. [66] proposed a decomposition approach
for solving the HHC routing and scheduling problem, considering nu-
merous HHC constraints and criteria. Their approach consisted of a
multiobjective problem, aiming to minimize total travel distance and
fuel consumption with varying speed while balancing the workload
among caregivers. Fathollahi-Fard et al. [67] considered a HHC routing
and scheduling problem with greenhouse gas emissions. They proposed
a bi-objective, multi-depot, and multi-period HHC approach, consider-
ing patient time windows, vehicle capacity, and the minimization of
carbon emissions. They also incorporated robust optimization methods
to handle uncertainty in travel and service times. Luo et al. [68]
formulated a MILP and proposed a two-phase heuristic approach, com-
bining exact methods and dynamic programming, to efficiently solve
the problem. Their approach was tested on 19 instances of different
scales and demonstrated effectiveness and efficiency in reducing carbon
emissions while optimizing the logistics route for HHC. Goodarzian
et al. [69] addressed the growing demand for private HHC for the
elderly in developing countries by proposing a green HHC network.
They considered uncertain conditions, time windows, and a flexible
linear programming model. Two hybrid algorithms were developed
and compared to find the most efficient one for real practice, and a
real case study was presented to validate the proposed model. Luo
et al. [70] presented an ACO-based heuristic for the HHC problem with
synchronized visits and carbon emissions. They formulated the problem
as a single-period VRPTW, considering constraints such as synchro-
nization, patient time windows, and caregiver capacity, to minimize
total carbon emissions. On the other hand, Luo et al. [71] proposed an
exact method to solve the green HHC routing and scheduling problem
using the Branch-Price-and-Cut (BPC) algorithm. Their objective was to
minimize both fuel consumption costs and carbon emissions of vehicles.
Finally, Garjan et al. [72] proposed a green VRP for the HHC network,
designed to maximize profits while adhering to carbon dioxide emission
limits and addressing environmental concerns. They presented a multi-
period MILP and solved it using GAMS software, providing numerical
examples to demonstrate the results and performance.

2.3. Research gaps and contributions

This study introduces a novel approach to weekly planning in HHC
organizations, addressing a broad array of constraints and objectives.
The main contributions include:

1. Incorporating a wide range of real-world constraints and criteria
such as workload balancing, travel distance, and CO, emissions
reduction, alongside handling precedence, synchronization, con-
tinuity of care, caregiver skill matching, patient availability, and
temporal dependencies. The goal is to minimize travel distance
and emissions while ensuring a balanced workload among care-
givers. The NSGA-II algorithm, augmented with local search,
is employed to approximate Pareto front solutions for routing
and scheduling, supplemented by a MILP model to balance
caregivers’ workloads.

2. Proposing innovative modeling techniques tailored to synchro-
nization constraints inherent in the problem.

3. Achieving a simultaneous reduction in travel distance and CO,
emissions while effectively balancing workload, a feat not pre-
viously reported in the literature.

4. Developing a new coding scheme for the NSGA-II algorithm, in-
tegrating additional constraints like continuity of care, synchro-
nization, and temporal dependencies, vehicle capacity. Addition-
ally, a heuristic is introduced to refine individuals post-mutation.
Different versions of NSGA-II, incorporating local search, are
deployed and compared.
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5. Analyzing the impact of various parameters and constraints
including continuity of care and the number of caregivers and
patients on objective functions. Additionally, sensitivity analyses
on time windows and instance sizes are conducted to evaluate
their effects on objective functions.

6. Demonstrating efficient computation time, even for large in-
stances resembling real-world scenarios, making the proposed
approach a valuable decision support tool for HHC services.

Table 1 presents the selected papers from the literature, focusing
on investigating the periodic/mid-term HHC problem, together with
the few works addressing green HHC. The comparison is based on
the set of constraints and criteria: Number of objectives, number of
periods, routing of caregivers, scheduling of caregivers, patient time
window, preference, continuity of care, caregiver time window, quali-
fication/skill, temporal dependency, workload balancing, uncertainty,
synchronization of care, emissions, learning care, and solution algo-
rithm. Besides, the last row in Table 1 highlights the contribution of
this study. The last column presents the solution approach considered
in each paper. From Table 1, we can summarize the following:

1. Few studies consider the continuity of care for long and mid-
term HHC routing and scheduling problems. However, most
works do not address the following constraints: synchronization
of care, precedence of care, skill constraints, and learning care.

2. To the best of our knowledge, there has been no research in
the literature that has achieved a simultaneous reduction in
both travel distance and CO, emissions, while also effectively
balancing workload and analyzing various parameters.

3. Studies considering synchronization are very limited [79-82].

4. Only a few studies in the literature consider the learning care in
HHC problems.

5. No study considers continuity of care, time windows, synchro-
nization of visits, gas emissions, learning care, and multiple
objectives simultaneously for the multi-periodic HHC routing
and scheduling problem.

3. Green transportation: Emission factors and estimates

The concept of green logistics for sustainability has gained trac-
tion in recent years due to government policies and customer de-
mand. As mentioned earlier, skilled caregivers of HHC agencies use
vehicles to provide care. The primary objective of transportation is
to create cost-effective routes for vehicle movement. However, en-
gines produce a significant amount of CO,, which directly impacts air
quality. Green logistics focuses on minimizing both route costs and
CO, emissions generated by trucks, planes, and cars [9]. Therefore,
environmentally-friendly routing has become increasingly important in
many countries [36].

In this section, we present two approaches to estimate CO, emis-
sions and their mathematical formulations for integration into opti-
mization models. The fuel consumption of vehicles is influenced by
several factors, including weather conditions, traffic congestion, vehicle
speed, and acceleration.

3.1. Measurement of transport emissions

Making an exact estimation of CO, emissions is generally challeng-
ing due to several factors. However, emissions can be estimated based
on factors such as the quantity of goods, speed, distance traveled, etc.
We will discuss two approaches to estimate transport emissions: the
distance-based method and the fuel-based approach [9].
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Table 1
Comparison between the work presented in this paper and the literature.
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Tkegami and Uno [42] v v - - - v v - - - - - - TS
Nickel et al. [44] v v - - v - - v - v - - - - Heuristic
Liu et al. [73] - - - v - - - v - - - - - Feasible rules for TS
Bard et al. [46] - v v - v - - - - - - - Greedy randomized adaptive
search
Duque et al. [52] v v - - v v v v - v v v - - - MIP and local search
Cappanera and Scutella [74] - v v v - - v - v - v - - - - ILP
Bowers et al. [75] - v v v - v - - - v - - - - Clarke and Wright based heuristic
and simulation
Hewitt et al. [76] v v v - - - v - - - - - - - - ConRTR algorithm
Wirnitzer et al. [31] - v - v - v - v - - - - - - ILP
Fikar and Hirsch [77] - v v v 4 - - v v - - - - - TS
Shi et al. [78] - - v v v - - v - - - v - - - Hybrid of GA and SA
Cappanera et al. [16] - v v v v - - v - - - v - - - Exact
Liu et al. [54] v v v v v v v v - - - - - - Exact
Fathollahi-Fard et al. [64] v v v v v - - - - - - - - v - Heuristics, SA and SAA
Grenouilleau et al. [6] v v - v - - - v - - - - - - - Heuristics
Erdem and Kog [65] - - v v v - - - - - v v (EV) - GA and VNS
Shi et al. [41] - - v v v - - - - - - v v v - Hybrid of TS and SA
Fathollahi-Fard et al. [12] v v v v v - - v - - - - - v - MSA
Fathollahi-Fard et al. [67] v v v v 4 - - v - - - v - v - MOKA, NSGA-II and MOPSO
Luo et al. [71] - - v v v - - - - - - - - v - BCP
Luo et al. [70] - - v v v - - - - - - - v v - ACO-based heuristic
Fathollahi-Fard et al. [57] v v v v v - v v - v v - - - Heuristics and metaheuristics
Fathollahi-Fard et al. [58] v v v v v - - v - - v v - v - Lagrangian relaxation based on
e-constraint
Liu et al. [63] v - v v 4 v - - v - v - v - - AMOALNS
This work v v v v v v v v v v v - v v Different version of NSGA-II and
MILP

MSA: Modified Simulated Annealing. SA: Simulated Annealing. MOKA: Multiobjective Keshtel Algorithm. MOPSO: Multiobjective Particle Swarm Optimization. GA: Genetic Algorithm.
ILP: Integer Linear Programming. EV: Electric Vehicle. VNS: Variable Neighborhood search. TS: Tabu Search. AMOALNS: combined Archived Multiobjective Simulated Annealing

(AMOSA) with Adaptive Large Neighborhood Search (ALNS).

3.1.1. Distance-based approach

When fuel consumption data is unavailable, CO, emissions can be
calculated using distance, and the emission factor can be estimated
based on the most appropriate value for each mode of transport. The
emission factor depends on the average fuel consumption, which is
influenced by the load factor and weight [9,14]. In this study, we
utilize the distance-based approach. The calculation of CO, emissions
is determined by the following formula (1):

€9)

CO,.emission = distance.travel * emission. f actor

The emission factor is calculated based on the estimated fuel con-
version factor (2.61 kg.CO,/liter of diesel) and the average fuel con-
sumption, which is influenced by the load factor [9].

3.1.2. Fuel-based approach

The simplest and most reliable method to measure transport emis-
sions is to monitor energy and fuel usage and convert them into CO,
emissions using emission conversion factors. If absolute fuel consump-
tion or distance traveled and average fuel consumption are available,
the fuel-based method can be applied [14]. Absolute fuel consumption
is first calculated (if unknown) based on the travel distance and average
fuel consumption, which may depend on the type/model/engine of the
vehicles [9]. Hence, absolute fuel consumption is calculated using the
following formula (2):

absolute. fuel.consumption = distance.travel % average. fuel.consumption

(2)

CO, emissions are then calculated based on fuel consumption. First,
fuel consumption is converted into energy using the fuel’s heating
value [9]. Next, the product is multiplied by the fuel’s emission factor.
Thus, the formulation of CO, emissions is determined by the following
formula (3):

CO,.emission = absolute. fuel.consumption * heating.value
3

It is important to note that since fuel consumption data is unavail-
able, we utilize the distance-based approach to estimate CO, emissions.
Therefore, the emission factor is formulated as a function of the fuel
conversion factor and the average fuel consumption, which depends on
the vehicle’s weight when empty and loaded. The load of HHC vehicles
is determined by patient demand, which typically includes nursing
medical tools and equipment for HHC services. The mathematical
formulation of emissions is detailed in the following section.

* emission. factor

4. Problem description and mathematical modeling

This section offers a comprehensive understanding of the problem
and our proposed solution, structured into three subsections: problem
description, the mathematical model for the first stage, and the math-
ematical model for the second stage. In the first subsection, we outline
the context, objectives, and challenges faced by the HHC organization
in scheduling caregivers over a planning horizon, introducing various
objectives and constraints. The second and third subsections present
the proposed mathematical models to address the GHHC routing and
scheduling problem. The first stage mathematical model introduces a
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multiobjective approach aiming to optimize routing and scheduling
considering factors such as travel distance, CO, emissions, caregiver
availability, patient care requirements, time windows, caregivers’ work-
load capacity, precedence, synchronization constraints, and more. The
second stage mathematical model subsection focuses on assigning ap-
propriate caregivers to the routes generated in the first stage over a
weekly planning horizon, considering caregiver skills, learning care,
care continuity, and fairness in workload distribution.

4.1. Problem description

The objective of this study is to design the routes and schedule
caregivers over a planning horizon (week) for the GHHC organization.
We propose a new strategy that focuses on achieving multiple objec-
tives. In addition to these objectives, we take into consideration various
constraints that play a crucial role in the scheduling process. One
important constraint is the affinity between patients and caregivers,
ensuring that the assigned caregiver is compatible with the patient’s
preferences. We also consider the consistency between patients’ needs
and caregivers’ skills, taking into account the patients’ requests while
considering the caregivers’ expertise. Another constraint we consider is
the availability of patients throughout the day, which requires visits to
be made within specific time windows. This constraint ensures that the
scheduling of caregivers aligns with the patients’ availability.

In the presented model, the load depends on the demand for care.
The demand for nursing medical tools and equipment includes test
kits, first aid equipment, medication administration equipment, durable
medical equipment, assistive technology, and meters/monitors. These
devices are utilized by caregivers to provide care. The approach pre-
sented in this study has two stages: The first stage is structured to
evaluate the packages (routes) that caregivers can take and consider all
the scheduling and routing constraints. In the second stage, we allocate
the packages to suitable caregivers and balance their weekly workloads.

4.2. First stage’s mathematical model

In our study, we introduce the multiobjective model, which aims to
optimize the assignment of packages over a single planning period. The
primary objectives of this model are to minimize both travel distance
and CO, emissions. To ensure continuity of care, caregivers are limited
to a specific set of packages that they can be assigned to. We consider a
complete directed network G = (I, E), where I represents the patients’
care and E = {(i,j)|i,j € I,i # j} denotes the set of arcs. Each
patient may have a specific demand that needs to be delivered from
the depot node. The routes begin at node 1 and conclude at the same
node, which corresponds to the HHC organization. To model emissions,
we adopt Molina et al. [83]’s approach because it has demonstrated its
effectiveness in various studies, is suitable for MILP formulation, aligns
well with our overall model, and adequately addresses the ecological
sustainability aspect.

Parameters
K Set of packages (index k)

1 Set of cares (including the depot) (indexes i, j)
NAP, Set of the unavailable packages for care i (that
care i cannot be assigned to)

S Set of cares that require two caregivers (S C I)

R Set of fuel type (index r)

s; Service time at care i

1 Traveling time from node i to node j, (i,j) € E

[A;, B;] Respectively, the earliest and the latest service
time for care i

MWL, Maximum daily workload for package k
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pi Ratio of time decreased from care time s; of care i

M Very large number

prd;; Equal to 1 if care i has to be planned before care
j and 0 otherwise

dis;; Distance between node i and j

g Demand of care i

ok Package k capacity

Err Equal to 1 if the vehicle of package k uses fuel
type r

e fCO2r Fuel conversion factor (amount of CO, emitted
per unit of fuel r consumed)

epy Fuel consumption for an empty vehicle in
package k

apy, Fuel consumption per unit of additional load for
the vehicle in package k

J; Equal to 1 if care i requires one caregiver and 2 if

the care requires two caregivers

Decision variables

Xijk Binary decision for assigning care j after care i in
package k

Yik Binary decision for assigning care i to package k

ATy, Arrival time of package k to node i

Lijk Load carried by package k from nodes i to j

RTy, Remaining time at node i of package k (time left

for package k at node i)

Objective functions:

minz Z X;jrdis;; ()]

keK (i.j)eE
min Z Z Z Epdis; e f OR (x; epy + apilyy) ()
keK (i.j)eE reR
Constraints:
Yoyu=J;, Viellj#1 (6)
keK
Y xix <1 VkeK @
JEIj#1
Y xu <l VkeK ®
JEIj#1
yu=1 Vkek )
Z ye=0 Vielli#l 10)
kENAP;
Y= D, Xy VkeK Vjel amn
iel|i#j
Yoxg= xu  VKEK Viellj#1 12)
iel iel
ATy 2 A;  YkeK Vjellj#l 13
AT, < B, Vke K VYjellj#l 14)

Z (s;(A=p) +1;)x,, S MWL,  VkeK (15)
(i,j))€E

AT 2 ATy + ((s;(1 = p) +1;)%;j5 — (1 = x5 )M

Vke K Y(i,j)eE|j#1 (16)

AT = AT,y VkK)EK Vj€S a7

RTy, = MWL, Vkek (18)
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ATj 2 ATy —(1—prd; )M V(KY€ K VG )€ E|lj# Li#1 (19

RTj, < RTj, — ((s;(1 =p)+ L)Xk + (1- x,-jk)M

Vke K Y(i,j)eE|j#1 (20)
gxijp Sy VKEK Y(G,j)€EE|i#] 21)
Ljg @ —g)xy VK€K VG, )EE|j#1,i#] (22)
x;jx €1{0,1},y; € {0,1} VkeK Vjel Viel (23)
RTy >0, AT >0, 1, >0 VkeK VYjel Viel 24

Objective (4) is formulated to minimize the total travel distance,
while objective (5) aims to minimize CO, emissions; the first term
&y dis;ef €02y calculates the distance traveled between nodes i and
Jj by package k using fuel type r. &, ensures that only the appropriate
fuel type’s emission factor is used, then it converts fuel consumption
into CO, emissions based on the specific fuel type r. The second term
(x;jxepi + apyl;j) calculates the total fuel consumption for the route
between nodes i and ; for package k. If x;;;, = 1, it implies that care j
is assigned after care i in package k, so ep, (fuel consumption for an
empty vehicle) is added. Additionally, /;;, represents the load carried by
package k from node i to node j, so ap,/;; (fuel consumption per unit
of additional load) is added. Constraint (6) ensures that each care has
a specified number of caregivers assigned to it. To maintain the order
of care, Constraint (7) limits the number of subsequent cares following
a fictive care 1, while Constraint (8) restricts the number of preceding
cares before fictive care 1. Constraint (9) guarantees that each caregiver
is assigned to the HHC structure. Constraint (10) ensures that a package
of cares adheres to specific restrictions, ensuring continuity in the
planning. The routing variables x;;, and assignment variables y,, are
linked in Constraint (11). Constraint (12) enforces the classical flow
conservation constraint on the routing variables. Constraints (13) and
(14) ensure that the start time of each care complies with predefined
time windows. Constraint (15) limits the daily workload of caregivers
to the duration of a workday, considering both service and travel times.
Constraint (16) calculates the arrival time of the package at the care
location. To synchronize cares, Constraint (17) ensures that multiple
cares start simultaneously. The assignment of the same start time to
all caregivers for care j is considered in Constraint (17), with variables
y linked to the synchronization matrix (Constraint (6)), and variables
y impacting variables x (Constraint (11)). Constraint (18) ensures that
the workload of packages reaches its maximum at the depot. Constraint
(19) maintains the precedence of cares. Constraints (20), (21), and (22)
restrict the total load carried by a package based on travel and service
times. Constraints (23) and (24) enforce the binary and non-negativity
restrictions of the model, respectively.

4.3. Second stage’s mathematical model

In this stage, our objective is to assign appropriate caregivers to the
routes generated in the previous stage. To achieve this, we introduce
a set called “category” which represents packages containing the same
patients. A package belongs to one category. Parameters are inherited
from the first stage model, except caregiver skill level. To ensure
continuity of care throughout the planning horizon (week), we limit
the categories to two packages per day based on the NSGA-II solution
encoding. These packages are then assigned to skilled caregivers who
possess the necessary abilities for the required care. The required skill
level for a package ranges from “1” (basic skill) to “3” (advanced
skill), depending on the maximum skill level required by the patients
in the package. Caregivers, on the other hand, have three skill levels
ranging from “1” (basic skill) to “3” (advanced skill). Caregivers can be

Operations Research Perspectives 12 (2024) 100302

assigned to packages that match their skill level or require a lower skill
level (e.g., a caregiver with skill level “2” can be assigned to packages
requiring skill level “2” or “1”). To ensure equitable work distribution
among caregivers, we have implemented a strategy to maximize the
minimum caregiver utilization factor within the planning horizon [74].
Additionally, to enhance service quality, the workload of each caregiver
must be managed and respected during each period [84]. Workload
refers to the combined time spent by caregivers on daily service pro-
vision and travel. It is essential to ensure that the workload does not
exceed the maximum allowable hours per day for caregivers.

To balance the workloads of the assigned caregivers, we propose a
MILP model.

Parameters

w Set of caregivers (index w)

C Set of categories (index c)

K, Set of packages in category ¢ (index k)

D Set of days in the planning horizon (index d)
WLy Workload of package k on day d

SPk Skill required by the package k

sy, Skill of the caregiver w

Fyy Binary assignment parameter indicating whether

package k is assigned on day d and 0 otherwise
Decision variables
Zekwd Binary assignment variable indicating whether
the package k of category c is assigned to
caregiver w on day d
Binary assignment variable indicating whether

t

ckwyw
o the package k of category c is assigned to
caregiver w; or caregiver w,
m Minimal operability factor of the caregiver that
we aim to maximize in order to ensure a fairness
workload

Objective function:

max m (25)
Constraints:
Zejwd =0 VeeC VYke K, YweW VdeD|sp,>sc, (26)
Y Zowa=Fu VcEC VkEK, VdeD @7)
wew
Z 2 Zekwa S1 YweW VdeD (28)
cEC kek,
Z Z Zekwd < (1 - tekwlwz)M VYVeeC
weW|  deD
wHw) ww,
Vke K, Yw,w, eW (29)
Y taww, =1 VeeC VkeK, (30)

wy Wy EW |wy #w,

z VeeC VkeK, VK €K,

ckwywy = Lek!wyw,

Yw, €W Yw, € Wlw; # w, (31)

2 2 z Zekwd W Lia

ceC kekK, deD

>m YweWw (32)
|D|

tckw]wz € {O’ l}szckwd € {0’ 1}’m >0 (33)

Objective (25) ensures workload balancing. Constraint (26) guar-
antees that the packages are assigned to caregivers with matching



S. Makboul et al.

skills. Constraint (27) ensures the assignment of packages given by
the first-stage model to the corresponding days. Constraint (28) guar-
antees that a caregiver is assigned to at most one package a day.
Constraint (29) ensures linking between the decision variables z and
¢t and limits the assignment of the packages to two caregivers of the
category. Constraint (30) guarantees that each package in a category is
assigned to one caregiver. Constraint (31) ensures that the packages of
a category share the same caregivers. Constraint (32) ensures that each
caregiver’s workload is higher than the operability factor that we intend
to maximize; it ensures that all caregivers have an equal workload
and eliminates options where a caregiver has a lower workload than
others. Constraint (33) enforces the binary variables of the model and
the non-negativity restrictions.

5. Solution approach

This section provides a detailed insight into the solution approach,
from algorithm selection to specific operators used in the optimization
process. The first subsection introduces the NSGA-II algorithm and
explains its application in solving the multiobjective problem of the
first-stage GHHC. It covers the algorithm’s components, advantages,
and the process of generating a new population iteratively. The second
subsection describes the encoding strategy proposed to represent the
solution. It lists the constraints and criteria considered in the encoding
process, followed by the proposed solution representation. Addition-
ally, it explains how the encoding ensures feasibility and compliance
with specified constraints. In the third subsection, the role of the
selection operator in choosing parents for the reproduction process is
discussed. It explains the binary tournament selection method used
and its goal of guiding selection towards an optimal front. The fourth
and fifth subsections describe in detail the crossover and mutation
operator processes, respectively, including the selection of genes and
the exchange of their positions. We also propose a heuristic to repair
mutated offspring. In the last subsection, we present the Variable
Neighborhood Descent (VND), which systematically explores different
neighborhood structures to overcome local optima. Additionally, we
introduce various versions of the NSGA-II algorithm enhanced by lo-
cal search, offering systematic or periodic application options with
different selection criteria for local search processes.

5.1. Implementation of NSGA-II for the first-stage GHHC

NSGA-II, introduced by Deb et al. [85], is an efficient Evolution-
ary Algorithm (EA) that utilizes Pareto dominance and natural selec-
tion [86]. It has demonstrated superior performance in solving mul-
tiobjective problems compared to previous EAs such as NSGA [87-
89].

At each iteration, a new population of individuals, called offspring,
is generated from the parent population using objective functions and
algorithm operators. These offspring individuals are evaluated based on
the objective function and compared to the parent population to select
the most suitable individuals for the problem. This evolutionary process
continues until a stop condition is met.

One of the notable advantages of NSGA-II is that it does not require
a set of parameters to maintain diversity [9]. It employs a sorting
method based on the concept of nondominance and adopts an elitist
approach to preserve the best individuals. Additionally, it employs the
crowding distance strategy, which estimates the density of solutions
surrounding each individual. The crowding distance is calculated as the
average distance between a solution and its neighboring solutions [81,
85].

In each iteration ¢, the parent population P, of size N and the
offspring population Q, of size N are combined to form the population
R, = P,uQ, with a size of 2N. The individuals in R, are sorted based on
the nondomination concept, resulting in n Pareto fronts (F,, F, ..., F,).
The sorting procedure is employed to determine the individuals for the
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Non-dominated Crowding
sorting distance P
sorting
Pl
P F,
F
Qt .
E ~—Rejected
1

Fig. 1. NSGA-II procedure [85].

parent population P,; as long as its size is less than N. The crowding
technique is applied to the remaining fronts (F; not belonging to P, )
to select the best individuals. Finally, a new offspring population is
constructed through selection, crossover, and mutation operations [85].
Fig. 1 shows the NSGA-II procedure [85].
The NSGA-II algorithm steps [85] are given in Algorithm 1.

Algorithm 1 Nondominated Sorting Genetic Algorithm II (NSGA-II)

1 t=0

2 P, = newpop(N)

3 0,=0

4 while no stop criterion do

5 R, = P, U Q, Combining parent and offspring population

6 F= fast-nondominated-sorting (R,) (all nondominated fronts of R,)

7 Py =0i=1

8 while |P, |+ |F;| <N (until the parent population is filled) do

9 Crowding-distance-assignment (F;)

10 P,.| = P,y UF; include ith nondominated front in the parent P

11 i=i+1 check the next front for inclusion

12 end while

13 Sort (F,<,) sort in descending order using <,

14 Py =P,  UF][l: (N - Py)] choose the first (N —|P,,|) elements of (F;)
15 Q,+ =make-new-pop(P,|). Use selection, crossover, and mutation to create
16 a new population Q,

17 end while

5.2. Solution encoding

The initial step in the process involves determining the allocation
of packages to caregivers while considering a set of constraints and cri-
teria. Some patients may require multiple treatments in a day, ranging
from one to three, while others may not require any care on certain
days.

To address these considerations, we propose a solution encoding
that adheres to the following constraints and criteria:

Patient availability

Simultaneous synchronization

Precedence synchronization

Temporal dependency

Continuity of care (limiting patient assignments to a specific
number of caregivers)

Maximum daily workload for caregivers

Maximum vehicle package load

Learning care (a static reduction of service time based on the day,
independent of the route or caregiver)

The notation x,, represents the start time for care 1 of patient 1
with package 2. Our proposed encoding strategy aims to group pack-
ages with the same patients side by side. This technique ensures the
feasibility of solutions even after crossover and reduces the complexity
of correcting mutation offspring.
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Table 2
Proposed representation of the solution matrix (P). Table 3
P, P, Py Py Py P Parent Prt,.
Patient; : Care, X1 0 0 0 0 0 Py P, Py Py P Ps
Patient, : Care, Xay Xy 0 0 0 0 Patient,: C, Xy 0 0 0 0 0
Patient, : Carey 0 X3, 0 0 0 0 Patient,: C, X X5 0 0 0 0
Patient; : Care, 0 0 0 Xy 0 0 Patienty: C; 0 X5 0 0 0 0
Patient; : Cares 0 0 Xs53 Xs4 0 0 Patienty: C, 0 0 0 Xus 0 0
Patient; : Careg 0 0 0 X4 0 0 Patients: Cs 0 0 Xs53 Xs4 0 0
Patient, : Care, 0 0 0 0 0 X176 Patient;: C, 0 0 0 Xe 0 0
Patients : Careg 0 0 0 0 0 Xg6 Patient,: C, 0 0 0 0 0 X76
Patients: Cq 0 0 0 0 0 Xgg
The proposed solution encoding is presented in Table 2.
The program ensures the following conditions: Table 4
i X X Parent Prt,.
+ Care 2 of patient 1 and care 5 of patient 3 are synchronized 7 P P P 7 7
. . 1 2 3 4 5 6
and require the presence of two caregivers. As a result, they are
. . . Patient,: C, X1 0 0 0 0 0
assigned twice, with x,;, = x,, and x53 = x5, (the program Patient,: C, o o 0 0 0 0
ensures that the start of simultaneous synchronized care service Patienty: C, X1 0 0 ) 0 0
is respected). Patients: C, 0 0 g 0 0 0
+ The maximum daily workload for each package is respected and Patient;: Cs 0 0 Xs3 Xs4 0 0
Patients: Cg 0 0 X3 0 0 0
not exceeded. .
N N . Patient,: C; 0 0 0 0 0 X7
+ Time windows and the order of cares for patients are respected. Patients: Cg 0 0 0 0 0 T
=
+ The scheduling between treatments assigned to the same package
is respected (temporal dependency).
+ The allocation of packages to patients is limited to guarantee the I;;;’]e,s v
. . Sprin, .
continuity of care. e o
. . . Py P, Py F, Ps Fs
» The start of care for each patient is achievable (the schedule of b
care for each patient must be respected). Patienty: Cy *u © g g L g
. . Patient,: C, Xy X 0 0 0 0
» The maximum load does not exceed the capacity of the package. Paient,: C, o 0 0 0 0 0
A . . . . . . Patient;: C, 0 0 0 0 0
It is important to highlight that the encoding solution is consistently PZ ,:Z: f‘ c4 o o . i““ 0 o
. . . g . 3+ &5 53 54
feasible and complies with all the specified constraints. An open-source Patienty: Cg ) 0 0 Xea 0 0
code for the encoding solution is available in the following public Patient,: C, 0 0 0 0 0 X76
repository.’ Patients: Cy 0 0 0 0 0 s
5.3. Crowded tournament selection Table 6
Offspring E,.
The role of the selection operator is to choose the future parents for P, P, P, P, Py P,
the reproduction process from the population of individuals. Patient,: C, By 0 0 0 0 0
In this study, we use a binary tournament selection. It involves ran- Patient,: C, X, X2 0 0 0 0
domly selecting two individuals from the population and then choosing Patient,: C; 0 X3 0 0 Y 0
the best-performing individual based on the crowded comparison op- Patienty: C, o © Xa3 © D 0
. . . . . . Patients: Cs 0 0 Xs3 Xs4 0 0
erator. This selection mechanism aims to guide the choice towards an .
X Patient;: Cg 0 0 X63 0 0 0
optimal front [85]. Patient,: C; 0 0 0 0 0 X1
Patients: Cq 0 0 0 0 0 Xg6
5.4. Crossover operator
. . . Table 7
The crossover operator ensures the diversity of solutions by merg- Parent Pri
ing the genetic information of two parents to generate two offspring > > P > P >
children. In our approach, the crossover is performed by permuting the ' 2 : u ’ U
bl . . Patient: C, X1 0 0 0 0 0
ocks of two different parents to create two offspring. We select the Pationt - C N N 0 0 0 0
blocks of patients that contain all their cares to maintain feasibility after Pa,iem;: Cj o x; 0 0 0 0
the crossover. Patienty: C, 0 0 0 E 0 0
The combination of Parent Prt; (Table 3) and Parent Prt, (Table 4) Patienty: Cs 0 0 Xs3 Xsy 0 0
gives offsprings E, and E,, as presented in Tables 5 and 6, respectively. Patients: Cq 0 0 0 Xo4 0 0
Patient,: C, 0 0 0 0 0 X176
Patients: Cq 0 0 0 0 0 Xgg

5.5. Mutation operator

The mutation operator plays a crucial role in overcoming local op-
tima and maintaining solution diversity. In our approach, the mutation
is performed as illustrated in Tables 7 and 8. It involves selecting
a group of homogeneous packages. Then, two genes from different
individuals within the selected group are randomly chosen, and their

L https://github.com/SMAKBOUL/GHHC.

positions are exchanged. The resulting offspring, denoted as E;, may
potentially be infeasible. To address this, we propose heuristic 2 to test
the feasibility of the mutated offspring.

The algorithm 2 is a heuristic for verifying the feasibility of mu-
tation offspring in the scheduling problem, specifically functioning
as a repair heuristic. It iterates over packages and cares, checking
the feasibility of assignments based on constraints satisfaction. If an
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Table 9
Table 8 NSGA-II versions.
Offspring E;. Method Frequency Offspring solutions
P, P, Py P, P; Py NSGA-TI - -
Patient,: C, 0 X1 0 0 0 0 NSGA-II-a Systematic 20% random
Patient,: C, X; X1 0 0 0 0 NSGA-II-g Systematic 20% sorted
Patienty: C; 0 X3 0 0 0 0 NSGA-II-y Periodic (number iterations = 20) 60%
Patienty: C, 0 0 0 Xus 0 0 NSGA-II-6 Periodic (number iterations = 20) 100%
Patienty: Cs 0 0 Xs3 X5y 0 0
Patient;: Cg 0 0 0 X4 0 0
Patient,: C, 0 0 0 0 0 X176
Patients: Cy 0 0 0 0 0 Xg6 that syn(x;;) is equal to 1 if care i requires simultaneous synchronization
and 0 otherwise.
5.6. Variable neighborhood descent
Algorithm 2: Heuristic for the verification mutation offspring
feasibility. Variable Neighborhood Descent (VND) is a local search heuristic

—

input: Correction of mutation offspring

2 n: number of cares

3 p: number of packages

4 w,v,z: variables

5 for j from 1 to p

6 for i from 1 to n

7 if x;; # 0 (explore the first column package and find the nonzero value in row
i)

8 for all feasible assignment of patient i by package j

9 for all values above row i in the current column

10 if xp, j %0 (find the first nonzero value in row h)

11 if load capacity is exceeded

12 z=1

13 break

14 if x;j > xp;

15 if x;; <xpj + s, +1;, the scheduling is not feasible between
16 care i and care h

17 if syn(x;;) =1

18 v=1

19 else if syn(x;;) =0

20 w=1

21 break

22 end if

23 else if x;; < xp;

24 if xp; <x;j +s; +1;, the scheduling is not feasible between
25 care i and care h

26 if syn(x;j) =1

27 v=1

28 else if syn(x;;) =0

29 w=1

30 break

31 end if

32 end if

33 end for

34 if w=1

35 x;j = newV alue(feasible assignment for care i by package ;)
36 end if

37 if v=1

38 Xjj = X;j41 = newV alue(feasible assignment for care i by

39 package j and care i by package j + 1)

40 else break

41 end if

42 end for

43 if z=1 or all assignments of care with the current package are
44 not feasible with the scheduling of other cares with the same package
45 make x;; =0

46 select the other package ¢

47 Xijc = rand(B;, A;)

48 end if

49 i=1

50 j=1 (test the new assignment)

51 end if

52 end for

50 end for

assignment is not feasible, it attempts to correct it by generating new
feasible assignments. The algorithm also handles cases where all assign-
ments with a particular package are infeasible, and proposes a feasible
assignment. The goal is to ensure that the mutation offspring satisfies
the necessary constraints for a valid schedule. It is worth mentioning
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that systematically explores different neighborhood structures. Its ef-
fectiveness lies in the fact that different neighborhoods often contain
different local minima, allowing it to overcome the problem of get-
ting trapped in local optima. This is achieved through deterministic
modifications of the neighborhood [90,91]. In the case of the VRP,
local search procedures are applied to the problem. The neighborhood
of a current solution is defined by the set of solutions obtained by
applying local transformations, referred to as “moves”, to the current
solution. In this study, four neighborhoods are considered, involving re-
arrangements of cares within packages and exchanges of cares between
packages and routes. The VND is implemented according to Algorithm
3, where «,,,, = 4 represents the exploration of four neighborhoods
of the solution S. A solution S’ in the neighborhood a (denoted as
N,(S)) is considered an improvement if it is the best solution according
to the concept of dominance. Specifically, if F;(S) < F;(S’) and F,(S) <
Fy(S"), or if F\(S) < F|(S") and F,(S) < Fy(S").

Algorithm 3 Variable Neighborhood Descent

a: Neighborhood
S: Initial solution
L: List of neighborhood indexes
i1
while (i < a,,,,)
S*: First solution in N,(.S5)
a = L[i]
if $* dominates S
S « 5
i« 1
else
i—i+1
end if
end while

O O NOUT D WN -

— e
w N = O
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Different parameter settings for the NSGA-II algorithm, enhanced
by the inclusion of local search, are tested and evaluated. The local
search can be applied either periodically or systematically. In the case
of systematic local search, it is performed at each generation, while pe-
riodic local search is conducted after a certain number of iterations. In
the systematic versions, approximately 20% of the offspring population
individuals are selected for the local search process. The selection can
be random or based on non-dominance criteria. On the other hand, in
the periodic versions, either 60% or 100% of the offspring population
individuals undergo the local search. Table 9 provides an overview
of the different versions of NSGA-II with local search, highlighting
the specific parameter settings used. Algorithm 4 outlines the steps of
the NSGA-II algorithm incorporating the local search procedure. It is
worth mentioning that the four versions of NSGA-II enhanced by local
search uses the same operators (crowding distance, etc.) as the standard
NSGA-IL.
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Algorithm 4 NSGA-II enhanced by local search

1 [Initializing solution
Using crossover, mutation
Sorting the individuals using NSGA-II operators
Using local search heuristics
Evaluate and ranking the individuals using dominance
If the stopping criterion is met
return the Pareto front
else
Go to Step 2
end if

2
3
4
5
6
7
8
9

10

6. Computational results

The NSGA-II algorithm was implemented using the C programming
language and executed on an HP Intel Core i5 personal computer with a
clock speed of 2.2 GHz and 6 GB of RAM. The CodeBlocks environment
was utilized for the execution. To solve the mathematical models,
CPLEX 12.6 was employed, and the computations were carried out on
a Dell Intel Core i7 machine with a clock speed of 3.40 GHz and 16 GB
of RAM.

6.1. Instance generation

In the experimental analysis, we utilized the existing benchmark
instances [15] and generated additional random data specific to the
HHC. Each patient is characterized by several factors, including the
number of cares required per day, the order of the cares, and whether
a care requires the presence of two caregivers. The additional data is
predominantly generated using a uniform distribution. The series of
care required by patients is modeled to follow a uniform distribution of
U0, 3], while the data for synchronization and precedence is assumed
to adhere to a uniform distribution of U[0, 1]. The precedence sequences
are selected randomly from all possible scenarios. To represent a par-
ticular instance, we used the notation .LPXCYKZ, where I denotes the
instance, X represents the number of patients, Y represents the number
of cares, and Z represents the number of caregivers. The experiments
are conducted over a one-week horizon, excluding school holidays
and public holidays. Benchmarks are available in the following public
repository.?

An example of the cares required by patients is presented in
Table 10, where the notation (SYN) indicates that the care requires
the presence of two caregivers simultaneously.

6.2. Experimental results and analysis

6.2.1. First stage results

The quality of the results is influenced by the selection of pa-
rameters. To determine the suitable values for these parameters, we
executed the algorithm multiple times. A preliminary research process
was conducted to identify the best values for the population size and
maximum generation. Table 11 presents the optimal values obtained
through this exploration. Additionally, we experimented with differ-
ent combinations of crossover probability and mutation probability
coefficients in order to provide a range of variations.

The data analysis indicates that, in most instances, a lower muta-
tion coefficient leads to improved solution values, particularly when
combined with a higher crossover value. To explore this further, we
defined four scenarios for the crossover probability values (0.2, 0.4,
0.6, and 0.8) and four scenarios for the mutation probability values

2 https://github.com/SMAKBOUL/GHHC.
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Table 10
Data about care for instance 1.P20C40K10.
Patient Care «a Care Care y
1 (+) before g (SYN) (+) =)
2 (+) before g (+) before y (+)
3 (+) before p (SYN) ) =)
4 (+) before g (+) =)
5 (+) before g +) =)
6 +) (+) before a )
7 (+) before g (+) =)
8 (+) before g (+) =)
9 +) (+) before a -)
10 (+) before g (+) )
11 (+) before g +) =)
12 (+) before p +) =
13 (+) before g +) =)
14 (+)(SYN) (+) before « =)
15 (+) before g +) =)
16 (+) before g ) =)
17 (+) before g (+) =)
18 (+) before g (+) (SYN) =)
19 (+)(SYN) (4) before a )]
20 =) =) (+)(SYN)
Table 11
Values of parameters.
Parameter Value
Population size 100
Maximum generation 120

Table 12
Values of parameters guaranteeing best solutions.

Instance Crossover probability value Mutation probability value
1.P20C40K10 0.8 0.2
2.P20C41K10 0.6 0.2
3.P40C80K12 0.6 0.2
4.P40C84K12 0.8 0.2
5.P60C115K14 0.8 0.2
6.P60C120K14 0.8 0.4
7.P80C160K16 0.8 0.2
8.P80C166K16 0.8 0.2
9.P100C196K18 0.8 0.2
10.P100C200K18 0.8 0.2
11.P150C300K22 0.6 0.2
12.P150C315K22 0.8 0.2
13.P200C400K24 0.8 0.4
14.P200C420K24 0.8 0.4

(0.2, 0.3, 0.4, and 0.5). Based on the findings presented in Table 12, we
determined that a crossover coefficient of 0.8 and a mutation coefficient
of 0.2 provide better results.

We utilize the e-constraint algorithm to compute the optimal Pareto
front for small-size instances. The e-constraint assists in identifying a
set of optimal solutions by prioritizing one objective while treating
others as constraints within a specified tolerance (¢) [92]. It balances
trade-offs to generate a Pareto front of solutions. The travel distance
is considered the main objective function. We utilize the Julia package
vOptSolver [93]. Table 13 compares the results between NSGA-II and
the e-constraint method. Computational results are obtained within a
time limit of 3600 s.

Table 14 displays the results obtained from both the standard NSGA-
IT and the local search-based methods for 14 instances, each involving
a maximum of 200 patients (400 care packages). For each instance, we
present two possible solutions from the Pareto Front.

The results indicate that the NSGA-II algorithm incorporating lo-
cal search consistently outperforms the standard NSGA-II in nearly
all instances. Although the computation time increases for the local
search-based methods compared to the standard NSGA-II approach, the
maximum computation time remains at approximately 48 s, even for
an instance with 200 patients. This demonstrates the efficiency of the
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Table 13
Comparison between standard NSGA-II and e-constraint.
NSGA-II e-constraint
Distance Emissions Distance Emissions
Min Max Average Min Max Average Min Max Average Min Max Average
1.P20C40K10 630 720 675 149 176 162 610 702 656 139 163 151
2.P20C41K10 681 695 688 160 192 176 652 682 667 137 165 151
3.P40C80K12 2241 2389 2315 950 1023 987 1120 1229 1175 942 1003 973
4.P40C84K12 2131 2389 2253 872 1035 954 2136 2484 2310 744 866 805
Table 14
Computational results obtained using standard NSGA-II and local search methods.
NSGA-II NSGA-TI-a NSGA-II-4 NSGA-II-y NSGA-1I-5
Instance Objective
Distance Emissions CPU Distance Emissions CPU Distance Emissions CPU Distance Emissions CPU Distance Emissions CPU
(km) (kg.CO,) (s) (km) (kg.CO,)  (s) (km) (kg.CO,) () (km) (kg.CO,)  (s) (km) (kg.CO,)  (s)
1.P20C40K10 629 176 1.224 622 174 20.65 613 175 17.36 707 203 11.63 725 156 11.75
703 168 645 172 620 168 701 214 711 216
2.P20C41K10 685 188 1.890 684 186 25.96 677 180 17.96 911 189 12.87 924 138 11.98
691 166 681 189 669 184 899 203 913 143
3.P40C80K12 2260 1022 2.292 2263 1013 25.45 1220 1020 18.26 2250 1301 13.85 2276 1342 11.74
2371 993 2273 1009 1229 1009 2236 1313 2280 1333
4.P40C84K12 2371 898 2.287 2366 861 26.23 2309 859 18.74 2313 889 14.68 2398 866 12.74
2136 1003 2326 877 2289 861 2303 894 2205 894
5.P60C115K14 1831 802 2.523 1799 809 28.32 1796 817 20.69 1855 811 15.75 1819 816 13.58
1851 766 1812 801 1802 825 1819 821 1839 806
6.P60C120K14 1911 798 2.403 1889 775 28.69 1893 796 21.77 1901 786 16.75 1996 792 14.85
1841 843 1881 802 1906 752 1894 798 1977 786
7.P80C160K16 3823 1686 2.932 3980 1650 28.96 3901 1540 23.71 3901 1690 17.52 3899 1632 15.75
4037 1628 3980 1671 3698 1555 3862 1698 3898 1634
8.P80C166K16 3816 1690 3.102 3796 1679 30.32 3624 1674 29.54 3798 1654 18.96 3799 1680 15.25
4236 1679 3799 1670 3812 1664 3766 1677 3787 1689
9.P100C196K18 4694 1935 3.119 4691 1949 30.91 4712 1978 35.25 4713 1933 19.25 4694 1924 16.25
4688 1939 4681 1920 4736 1969 4702 1945 4685 1935
10.P100C200K18 4678 1969 3.110 4651 1945 31.85 4763 1986 34.96 4693 1973 20.85 4597 1971 18.74
4598 1986 4522 1973 4803 1981 4598 1985 4604 1986
11.P150C300K22 5925 2422 11.749 5873 2401 32.11 5902 2389 401.96 5910 2389 24.98 5934 2401 19.47
5880 2429 5871 2410 5887 2398 5866 2408 5896 2456
12.P150C315K22 6080 2389 10.473 6032 2344 35.45 5896 2397 35.97 6033 2375 26.78 6019 2349 21.74
5981 2439 5989 2393 5888 2405 6003 2409 6037 2334
13.P200C400K24 6233 2658 15.024 6210 2660 39.11 6298 2569 44.47 6214 2699 28.96 6218 2694 21.78
6486 2598 6290 2659 6223 2603 6245 2574 6235 2678
14.P200C420K24 7196 2397 17.024 7186 2365 48.91 6968 2307 40.75 7139 2381 30.74 7194 2384 22.85
6976 2401 6989 2567 6901 2325 6934 2396 7184 2402
proposed approach. It is noteworthy from Table 14 that minimizing 1.P20C40K10
the travel distance does not necessarily guarantee a reduction in CO, ; —
emissions. 240 |- N
Given the correlation between travel distance and CO, emissions
o . R 220 |- —
[9], the cardinality of the Pareto front solutions remains small, as both )
objectives are formulated as functions of distance. The computational & 200 ®
. . . . . s 3 H f
time increases with the size of the instances due to the algorithmic B
0
complexity and the crowding distance, which follows an O(M NlogN) g ol % |
complexity [85], where M represents the number of objectives and N = o O ®
. . a
represents the population size. 160 I % |
Fig. 2 illustrates the Pareto front obtained by the proposed methods o O ®
for the instance (1.P20C40K10). The figure highlights the diversity 140 |- |

of solutions achieved by all the methods. Moreover, the distribution
of solutions in the NSGA-II-a method outperforms the other methods.
Further statistical analysis is elaborated in the subsequent section.

SEFEL S E
Distance
oNSGA-ITo NSGA-II-ae NSGA-II-fe NSGA-II-y  NSGA-II-0

Statistical analysis and metric measurements. To assess the quality of
solutions obtained using the NSGA-II approach, several performance
metrics are used, including the Inverted Generational Distance (IGD)
metric, Diversification (D), Distribution (DIS), and the Hypervolume
(HV) [9,94].

Fig. 2. Pareto front obtained by the methods for the instance 1.P20C40K10.

12
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Table 15
Results of metrics.

IGD DIS D(x10) HV

Instance Version
§ < N < § iy = < 3 s o < § s N °

S 3§ S8 § § & & S S S S 3 8§ § & § & s 5 9§

z z z z z Z Zz z z Zz z Z z z 2z 2 2 2z 2 £
1.P20C40K10 2.014 2120 1.97 2138 2703 3.256 2.272 4.894 4.214 3.016 8.246 9.231 9.103 8.623 8.341 0.39 0.28 0.38 0.57 0.35
2.P20C41K10 2.023 2.001 2111 2121 2.626 2746 2.263 3.954 3.953 4.104 8.145 8.131 9.178 8.741 8.374 040 0.21 0.58 0.45 0.2
3.P40C80K12 2.121 2.105 2.018 2.145 2.727 2.946 2.942 3.264 3.041 3.952 8.315 9.574 8.745 8.985 8.237 0.52 0.29 0.61 0.44 0.63
4.P40C84K12 2120 2.171 1.910 2.087 2.689 2.868 2869 3.127 3.126 3.845 8985 9.898 8861 8.698 8.225 0.78 0.22 0.95 0.57 0.33
5.P60C115K14 2.140 2.208 2219 2197 2707 2.264 5.078 7.104 6.617 6.856 8.185 9.128 8.187 8778 8.158 0.83 0.12 0.47 0.71 0.25
6.P60C120K14 2451 2231 2293 2.189 2675 2352 2.014 3.216 2326 2749 8465 9.236 8.367 8.985 8.492 0.87 0.18 0.95 0.72 0.39
7.P80C160K16 2.078 2.046 1.947 2.269 2.984 2468 2318 2.056 2951 2947 8.410 9.174 8945 8963 8.146 0.78 0.92 0.45 0.51 0.39
8.P80C166K16 2.001 2.078 1.984 2123 2969 2.127 2295 2197 2.827 2927 8.607 9.074 8819 8719 8.314 052 0.83 0.61 0.44 0.43
9.P100C196K18 2.691 2.175 2.345 2.115 2.686 9.068 24.294 12.176 12.764 22.815 8.395 9.086 8.863 8.817 8.295 0.21 0.75 0.39 0.65 0.10
10.P150C200K18 2.369 2.102 2.236 2.145 2.621 2.258 3.289 3.108 3.564 3.141 8.478 8.996 8.145 8.803 8.234 0.21 0.74 0.38 0.42 0.15
11.P150C300K22 2.190 2.131 2.261 2.162 2.688 2.085 1984 1.627 2.099 2945 8871 8.961 8.981 8678 8.584 0.71 0.85 0.62 0.18 0.57
12.P150C315K22 2.012 1.992 2.001 2112 2.468 2.489 3.964 3.127 3.624 3.654 8741 9.251 8.171 8.759 8.214 0.29 0.76 0.42 0.51 0.18
13.P200C400K24 2.285 2.212 2.216 2.048 2.638 6.548 6.489 6.985 7.145 7.012 8.301 9.179 8.861 8.917 8.345 0.25 0.76 0.33 0.32 0.18
14.P200C420K24 2.014 1.942 1.851 2.310 2.672 2.054 1.936 2.310 2.127 2452 8.011 8.947 8.741 8.936 8.234 0.25 0.88 0.73 0.47 0.59

The IGD metric measures the proximity of a set of solutions to the
Pareto front [9,94]. It is calculated using the formula (34):

1

IGD = —
|F

> d(f.X) 34)

feF
where X is the Pareto front found, d(f, X) is the minimum distance
between solution f and set X, and F is the approximation set. An
approximation set is considered as a set in which no element in F
dominates or is equal to any other objective vector in the set [95]. The
algorithm is considered efficient when the IGD value is minimized [96].
The DIS metric introduced by Goh and Tan [97] and based on Schott
[98]. It is formulated as follows:

19]

1 1 =
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The diversification metric, denoted as (D), measures the diversity of

solutions obtained from the Pareto front [99,100]. It is calculated using
the formula (37):

DIS = (35)

(36)

N
D= Z(max f; — min f;)?

i=1

37)

In this equation, N represents the number of objectives, max f; denotes
the maximum value of objective i, and min f; represents the minimum
value of objective i. A higher value of D indicates a greater diversity
among the members in the Pareto front [99,100].

Additionally, the DIS metric can also be used to assess the distri-
bution of solutions in the Pareto front. It measures the uniformity of
the solutions and can be calculated as the average Euclidean distance
in objective space between a solution and its nearest neighbor in the
nondominated set [101]. A smaller value of the DIS metric indicates a
more evenly distributed set of solutions in the Pareto front [97].

HV is a performance metric that quantifies the quality of the non-
dominated solutions. We use it to evaluate the trade-offs between
Pareto fronts obtained from the standard NSGA-II and local search
based algorithms. A higher HV value indicates a larger region of domi-
nated space covered by the non-dominated solutions, signifying a better
overall performance of the algorithm in terms of finding a diverse set
of solutions. We have incorporated the HV metric and normalized the
objective functions for each instance and method to obtain an accurate
value between 0 and 1 for comparison. We used Julia JuMP [102] to
compute it.

13

Table 15 presents the results of the performance metrics obtained
from running the algorithm five times on each instance and calculating
the average metric value. The IGD values indicate that the solutions
are relatively close to the Pareto front, as the values are not large. This
suggests that the algorithm is effective in finding solutions that are in
proximity to the optimal front [96].

The D metric values are large, indicating a high level of diver-
sity among the solutions in the Pareto front. This demonstrates the
algorithm’s ability to generate a wide range of diverse solutions [99,
100].

In terms of the DIS metric, the values for all instances are small
and close to zero. This implies that the solutions are well-distributed
across the Pareto front, indicating a good spread of solutions [97,101].
However, in instances 13, 9, and 5, the solutions appear to be less
evenly distributed in the front.

Based on the results obtained from the HV indicator, it can be
observed that NSGA-II-a provides better quality of non-dominated solu-
tions for large instances compared to other versions. For medium-sized
instances, NSGA-II-# is more dominant.

The results show that the local search methods outperform the
standard NSGA-II algorithm across all four performance metrics. Al-
though the local search methods require more computational time, the
execution time remains below 49 s even for the largest instances of
the problem. This demonstrates the efficiency of the proposed approach
and its feasibility for implementation.

6.2.2. Second stage results

The second stage aims to assign the caregivers to the designed routes
while balancing their workloads and ensuring the continuity of care.

Table 16 provides the results obtained from solving the second-stage
problem. In Table 17, the obtained planning for instance 1.P20C40K10
is presented, taking into account the continuity of care. The learning
care factor is set to 0.2, starting from day 3. As expected, the compu-
tation time, number of variables, and number of constraints increase
with the size of the instances.

Based on the problem constraints, a group of caregivers is assigned
to the care packages, ensuring a balanced workload for the caregivers
to the best extent possible. In Table 16, the presence of a “*” in the
gap column indicates that the solver has reached the imposed gap of
1.e—4. Conversely, a “~” in the computation time column suggests that
the solver took more than two hours without reaching the imposed gap.
The last column in Table 16 displays the average number of caregivers
per patient for each instance. The results indicate that the continuity
of care is maintained, with an average of less than two caregivers per
patient.
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Fig. 3. Results obtained by the methods with and without continuity of care.

Impact of continuity of care. In this paragraph, we explore the al-
ternative of not considering the continuity of care in the proposed
approach. By not incorporating the continuity of care, the coding of the
initial solution for the NSGA-II algorithm becomes simpler compared
to the approach presented in Section 5. Patients can be assigned to
any package without any restrictions. In the second stage model, only
a subset of constraints needs to be considered, specifically (26), (27),
(28), (32), and (33). Additionally, the parameters “category” and the

variable 7., , can be removed from the model.

14

Fig. 3 illustrates the trend of the objective function with and without
continuity of care. The x-axis represents the instances (1 refers to
1.P20C40K10, and 2 refers to 2.P20C41K10 up to 14, which corre-
sponds to 14.P200C420K24, and so on). The y-axis represents the
quantity of emitted CO, or the distance traveled. We observe that
not considering continuity of care results in reduced CO, emissions
and total travel distance for both the standard NSGA-II and the local
search-based methods in almost all instances. Across all methods and
instances, the total distance without continuity of care is either equal
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Table 16

Numerical results’ second-stage problem.
Instance Objective # # CPU GAP Mean # of caregivers

function of variables of constraints (s) (%) per patient

1.P20C40K10 0.8 1512 2930 360.36 * 1.75
2.P20C41K10 0.8 1512 2930 376.49 1.75
3.P40C80K12 0.8 2462 3480 230.73 * 1.9
4.P40C84K12 0.8 2462 3480 593.78 * 1.8
5.P60C196K14 0.6 3740 8022 379.25 1.8
6.P60C120K14 0.6 3740 8022 1745.23 * 1.9
7.P80C160K16 0.8 5394 11984 2065.98 * 1.87
8.P80C166K16 0.8 5394 11984 2611.85 * 1.8
9.P100C196K18 0.5 7472 17082 ~ 1.25 1.9
10.P100C200K18 0.5 7472 17082 ~ 4.23 1.9
11.P150C300K22 0.4 13070 31240 ~ 1.35 1.86
12.P150C315K22 0.4 13070 31240 ~ 4.26 1.9
13.P200C400K24 0.3 15314 37236 ~ 1.35 1.86
14.P200C420K24 0.3 15314 37236 ~ 3.35 1.9

Workload Vs Continuity of care
3,000 —. [ N Y I IO N N N NN

workload (minutes)

Instances

IN caregiver’s workload (with continuity of care)

caregiver’s workload (without continuity of care)

Fig. 4. The weekly workload of the caregivers with and without the continuity of care
(minutes).

Table 17
Planning of instance 1.P20C40K10.
Day Package

P1 P3 P2 P5 P10 P7 P6 P9 P8 P4
MONDAY Cg(a) Cg(b) Cg(g) Cgle) Cg() Cgh) Cg(d) Cg(f) Cglc) Cglid
TUESDAY - Cg@i) Cg(a) Cg(d) Cg(f) Cg(h) Cgle) Cg() Cglc) Cg(b)
WEDNESDAY - Cg@i) Cg(a) Cg(d) - Cg(h) Cg(e) Cg(j) Cgh) Cg(b)
THURSDAY Cg(a) Cg(b) Cg(g) Cgle) - Cglc) Cg(d) Cg®) - Cg®
FRIDAY Cg(g) Cg(i) Cg(a) Cg(d) Cg(f) Cglc) Cgle) Cg() Cgh) Cg(b)

Cg: Caregiver.

to or smaller than the total distance when continuity is considered,
with the exception of instance 3 in the NSGA-II-« method. On the other
hand, considering continuity of care impacts CO, emissions. However,
there are a few instances where CO, emissions remain the same for both
cases. For instance, NSGA-II instances 1, 11, and 14, NSGA-II-« instance
1, NSGA-II-g instance 2, and NSGA-II-y instances 1 and 2 show no
significant difference in CO, emissions. This observation suggests that
for small instances, continuity of care does not significantly influence
the amount of emitted CO,.

Table 18 presents results obtained without the continuity of care
constraints. The reduction in the number of variables, constraints, and
computational time indicates that not considering continuity of care
strengthens the balance of caregivers’ workloads. Optimal solutions
are achieved for all instances, and computation time is significantly
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reduced. However, one downside is that the number of caregivers
assigned to patients has increased. The average number of caregivers
per patient exceeds 2, which may lead to patient dissatisfaction.

Fig. 4 showcases the weekly workload of caregivers with and with-
out continuity of care. The intervention of the learning factor ensures
that continuity of care reduces the weekly workload of caregivers. Con-
versely, ignoring continuity of care may result in minimal distances and
emissions. However, it can impact the satisfaction of both caregivers
and patients, as patients generally prefer to be visited by the same
caregivers. This highlights the importance of considering continuity of
care to enhance satisfaction levels.

7. Sensitivity analysis

The sensitivity analysis is conducted using the most compromising
solution for the NSGA-II on each objective for time windows and
instance sizes. A small time window refers to [A;, B;], medium to
[A; — 30, B; + 30], and large to [A; — 60, B; + 60]. For time windows,
we take the average of NSGA-II’s most compromising solutions. As
the time window size increases from small to large, both the distance
and emissions decrease. This suggests that larger time windows result
in more efficient routes with lower distance and emissions. Similarly,
as the instance size increases, both the distance and emissions also
increase. As observed in the results analysis, the local search methods
performed better than the standard NSGA-II on some instances (such
as 40 patients). However, the trend suggests that larger instances result
in longer routes with higher distance and emissions. These sensitivity
analyses provide insights into how changes in time window size and
instance size affect the performance metrics of distance and emissions
in each scenario (see Fig. 5).

8. Managerial insights

This study introduces an innovative, environmentally friendly ap-
proach to tackle the HHC problem, with a focus on optimizing schedul-
ing and routing processes while minimizing environmental impact. It
provides invaluable managerial insights for HHC managers grappling
with a set of complex constraints and criteria. By considering a multi-
tude of challenging constraints and acknowledging the multiobjective
nature of the problem, this research makes a significant contribution
to the field of HHC. It underscores the necessity of adapting efficient
operations research algorithms to handle such complexities effectively.

The proposed solution entails a two-stage model. In the first stage,
routes for caregivers are meticulously designed to cater to multiple
patients, while the second stage prioritizes balancing caregivers’ work-
loads. By formulating the problem as a bi-objective programming model
and integrating constraints pertinent to HHC, the study ensures efficient
resource allocation and patient care. Algorithm performance is eval-
uated using advanced metrics, highlighting the effectiveness of local
search methods in enhancing solution quality.
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Table 18
Numerical results’ second-stage problem (without continuity of care).
Instance Objective # # CPU GAP Mean # of caregivers
function of variables of constraints (s) (%) per patient
1.P20C40K10 1 512 120 0.24 * 2.25
2.P20C41K10 1 512 120 0.16 * 2.25
3.P40C80K12 0.8 734 156 1.80 * 2.65
4.P40C84K12 0.8 734 156 2.42 * 2.5
5.P60C115K14 0.8 996 168 39.79 * 2.5
6.P60C120K14 0.8 996 168 36.30 * 2.5
7.P80C160K16 0.9 1298 192 600.78 * 2.125
8.P80C166K16 0.9 1298 192 703.85 * 2.25
9.P100C196K18 0.8 1640 216 696.74 * 2.5
10.P100C200K18 0.8 1640 216 623.45 * 2.5
11.P150C300K22 0.8 1893 342 1286.25 * 2.44
12.P150C315K22 0.8 1893 342 1402.63 * 2.5
13.P200C400K24 0.9 2146 469 1896.98 * 2.425
14.P200C420K24 0.9 2146 469 1936.47 * 2.5
Sensitivity on instances size Sensitivity on time window
7000 T T T T T T T ] T T T
so00 | | B\E\E
5,000 |- 3,000 |- B
4,000 |- -
3,000 |- -
2,000 |- 2,000 |- —
1,000 - 5
O | - !
| | | | | | | | | | | | |
11 Medi L
q}g va Q)Q %Q ,\QQ ’\,%Q \}Q \,%Q \%Q %QQ Sma edium arge

Instance size

Time window size

—g— Distance —— Emissions ‘

Fig. 5. Sensitivity analysis on instances and time window.

Through these insights, we offer actionable operational strategies to
HHC organizations, aimed at enhancing patient care, reducing costs,
and mitigating environmental impact, all while addressing the chal-
lenges of scheduling and routing in HHC settings. Our study has been
rigorously tested on a large set of benchmarks and is readily appli-
cable to HHC organizations, considering various practical factors that
influence implementation feasibility.

Insights gleaned from the absence of continuity of care underscore
significant trade-offs. While removing these constraints simplifies the
solution encoding and improves workload balance, it risks increasing
the number of caregivers per patient and potentially impacting over-
all satisfaction. However, it is crucial to emphasize the paramount
importance of continuity of care for HHC organizations. Maintaining
continuity ensures higher levels of patient satisfaction and quality of
care, which are indispensable for optimal outcomes and stakeholder
satisfaction.

Overall, this study contributes to ongoing efforts to optimize HHC
services while prioritizing environmental sustainability. By addressing
current challenges and delineating avenues for future research, the
study lays the groundwork for more efficient and environmentally
conscious HHC operations.

9. Conclusion and perspectives
This study presents a novel environmentally friendly approach for

the HHC problem. The planning process involves a two-stage model. In
the first stage, a daily planning problem is formulated to design routes
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for caregivers to provide care to multiple patients. This problem is mod-
eled as a bi-objective programming model, aiming to minimize both
the total travel distance and CO, emissions. The problem incorporates
various constraints related to the HHC problem, and different versions
of the NSGA-II algorithm enhanced with local search are implemented
to generate Pareto solutions. The obtained solutions demonstrate that
shorter routes do not always result in lower CO, emissions. Perfor-
mance metrics are applied to assess the quality of the solutions and
the efficiency of the algorithm.

In the second stage of the problem, a MILP model is introduced to
balance the workloads of caregivers. This model assigns skilled care-
givers to the designed patient routes. A comprehensive computational
study is conducted to evaluate the proposed approach, including a
comparison without considering the continuity of care.

The results indicate that all local search approaches, especially
NSGA-II-a, outperform the standard NSGA-II algorithm in terms of the
three performance metrics used. Although local search algorithms have
higher computation times, they are still efficient, with a maximum
computation time of less than 49 s for large problem instances. This
demonstrates the practicality and ease of adoption of the approach for
HHC services.

In conclusion, this study provides an effective solution approach
for the HHC problem, considering environmental concerns. However,
further research is needed to address certain limitations such as un-
certainty. Uncertainty is a significant factor in HHC, and future work
should focus on developing robust optimization approaches to handle
real-life uncertainties related to travel time, service time, caregiver
availability, and emergencies [16,67,103-107].
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