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Abstract

This research investigates the home health care routing and scheduling problem with soft
time windows and perishable medicines (HHCRSP-STW-PM), where care crews must serve
patients over multiple periods while accounting for skill-based assignments, medicine
perishability, and flexible service times. The objective minimizes total travel and penalty
costs for early or late services. We formulate a mixed integer linear program (MILP)
model to optimally solve small instances and develop an effective greedy randomized
adaptive search procedure (GRASP) to address large instances. GRASP includes a tailored
construction heuristic with problem-specific local search operators in the local search phase.
Numerical experiments conducted on newly generated instances demonstrate that while
the MILP model provides optimal solutions for small instances, only GRASP is able to
handle large-scale instances within a reasonable computational time. Sensitivity analyses
allow us to examine the impact of the approach’s parameters, perishability of medicine,
soft time windows, and care crew resources.

Keywords: home health care; perishable medicines; routing and scheduling problem; soft
time windows; metaheuristic

MSC: 90

1. Introduction

With aging populations for many countries in the world, especially Asia, the demand
for medical services is increasing, particularly for home health care (HHC), which delivers
long-term treatment services directly at patients’ private locations and thus alleviates the
burden on medical centers (MCs) [1]. The COVID-19 pandemic further underscored the
critical role of HHC in modern healthcare systems. The global HHC market size is projected
to be 335.22 billion USD in 2025 and to hit 503.12 billion USD by 2030 [2]. HHC provides
significant advantages in healthcare systems such as alleviating workloads at MCs, offering
convenient care for elderly patients, and reducing healthcare costs and times [3].

HHC services encompass physical and occupational therapy, palliative care, and home
medical infusions, which are crucial for pain management and symptom relief. Home-based
infusions offer clear benefits, such as reducing health risks for intravenous immunoglobulin
patients [4] and enhancing the quality of life for patients with chronic conditions like
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congenital nephrotic syndrome [5]. However, challenges arise when administering time-
sensitive medications, including albumin, insulin, apomorphine, and meropenem, which
require strict storage conditions and limited shelf lives [6]. Studies addressing these
medications in HHC services often overlook the perishability of medications like French
chemotherapy [7] and blood or bio-sample collections [8]. This gap is particularly critical
for periodic treatments with perishable medications such as chemotherapy [9], vaccination
distribution [10], or blood collection and delivery [11,12]. In fact, scheduling models have
not fully incorporated their perishability constraints.

From an operations research perspective, HHC systems must optimize routing and
scheduling to serve patients in their dispersed locations while meeting various require-
ments, referred to as the home health care scheduling and routing problem (HHCRSP) [13].
HHCRSP focuses on assigning qualified care crews to serve all patients while minimizing
travel costs and improving service quality [1]. Many HHC services involve recurring treat-
ments that are often planned over multiple periods (e.g., weekly) to balance patient needs
and workforce availability [14,15]. While single-period HHCRSP only focuses on meeting
service requests and assigning care-crews within a single time frame, multi-period planning
must additionally account for care-crew working regulations and patients’ evolving care
plans across multiple periods. This increases the complexity of generating feasible plans
that respect both regulatory constraints and patient needs over time [16]. Additionally,
skill-based assignments are crucial for ensuring proper treatment [14], while patient avail-
ability must be considered in scheduling decisions [17]. Classical HHC systems enforce
hard time windows for patient services [18,19], where the services must strictly adhere
to predefined schedules. The concept of soft time windows allows for controlled flexibil-
ity with penalties for early or late services, making them more practical under resource
limitations and complex scheduling constraints [15,20].

This paper introduces an extension of HHCRSP by incorporating soft time windows
and medicine perishability constraints. In the existing works, the perishable item is usually
transported under strict timing requirements, and the routing decisions are often designed
to ensure that the item can be returned or delivered within a limited time. However, the
use of perishable medicines in HHC services has a different practical meaning. The care
crew leaves the MC with prescribed medicines and must administer them to patients before
their shelf lives expire. Thus, the model should not only satisfy patient time windows and
care crew working hours, but also ensure that each medicine remains valid when it is used.
Varas et al. [21] assume that caregivers must return immediately to the medical center with
a perishable biological sample after serving a patient. In contrast, our study relaxes this
assumption by allowing care crews to serve additional patients before returning to the MC,
as long as all medicines are administered within their effective durations. This difference
provides more routing flexibility while still maintaining the quality of perishable medicines.
Furthermore, we consider multi-period planning and skill-based crew assignments to
enhance the realism and applicability of HHC operations.

Based on this setting, the theoretical contribution is to investigate an HHCRSP variant
that jointly considers soft time windows, medicine perishability, multi-period service
requests, and skill-based care crew assignments. The routing plan is affected not only by
patient availability and care crew working hours, but also by the shelf life of the medicine
required by each patient. Our main contributions are summarized as follows.

¢ We introduce the home health care routing and scheduling problem with soft time
windows and perishable medicines (HHCRSP-STW-PM), aiming to minimize travel
costs and penalty costs from early and late services.
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*  We formulate a mixed-integer linear programming (MILP) model for small instances
and develop a greedy randomized adaptive search procedure (GRASP) for large
instances. GRASP includes a tailored construction heuristic and problem-specific local
search operators. Moreover, an effective procedure for evaluating the tours’ start times
is proposed to update the objective function.

*  We evaluate the performance of the MILP model and GRASP on HHCRSP-STW-PM
instances. While the model finds optimal solutions for small instances by using the
GUROBI solver, only GRASP can solve large instances within a reasonable computa-
tional time.

*  We conduct sensitivity analyses to assess the impact of medicine perishability and soft
time windows, offering managerial insights to optimize and stabilize HHC operations.

The rest of this paper runs as follows. Section 2 reviews related works on HHCRSP,
perishable medicines, and GRASP. Section 3 formally defines the problem and presents a
mathematical model. Section 4 proposes a GRASP approach, incorporating an effective con-
struction heuristic and neighborhood operators. Section 5 presents numerical experiments
to assess the performance of GRASP and analyzes the impact of medicine deterioration
and the penalty of soft time windows. Section 6 summarizes the key contributions and
suggests directions for future research.

2. Literature Review

HHCRSP was first introduced by Begur et al. [22] to optimize caregiver routing for
delivering HHC services to patients with specific medical needs. It can be viewed as
an extension of the vehicle routing problem with time windows (VRPTW), with addi-
tional constraints such as skill compatibility, patient-specific requirements, and workforce
limitations [1]. Despite these additional features, HHCRSP retains the main characteris-
tics of VRPTW, including route optimization, time-window constraints, and workload
balancing [21]. For comprehensive reviews of HHCRSP research, readers may refer to
Cissé et al. [1] and Di Mascolo et al. [3].

2.1. Objective Functions in HHCRSP Variants

A major stream of HHCRSP research focuses on operational optimization. Early and
standard models often aim to minimize total operational costs [23-25] or reduce travel and
service times [26,27]. However, HHC planning is not only a cost-minimization problem,
because patient satisfaction, caregiver workload, and service reliability are also important.
Therefore, many studies incorporate caregiver and patient satisfaction [28-30], patient
preferences [18,31], or service rates and profits [32,33].

While some studies use a single-objective formulation [26,33], multi-objective mod-
els are more common in recent studies [28,30,34,35]. For example, Kummer et al. [35]
combine several cost and service components into a weighted objective function, while
Braekers et al. [24] analyze the trade-off between operational costs and patient dissatis-
faction using a bi-objective model. More recent studies further extend this direction.
Liu et al. [36] consider total workload by weighting system time and physical load, while
Ceschia et al. [37] combine several cost components and solve the resulting problem using
simulated annealing. These studies show that service-level performance is an essential part
of HHC optimization.

In our problem, this aspect is captured by combining travel cost with penalty costs for
early and late services.
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2.2. Operational Constraints and Multi-Period Planning

Another important stream studies operational constraints that make HHCRSP closer to
real HHC practice. These constraints include skill compatibility between patients and care-
givers [37-39], patient preferences such as time windows and additional services [27,40,41],
caregiver working-time limits [42,43], and continuity of care over multiple periods [39,44].
Recent studies have also considered more complex HHC settings, such as multi-echelon
healthcare systems [45], drone-assisted HHC systems [46], multiple or dynamic time win-
dows [15], multi-skilled crews [47], and multi-service HHC systems [30]. These works
indicate that the structure of HHC services has become increasingly rich. However, the
perishability of treatment medicines has received much less attention in HHCRSP models,
even though it directly affects route feasibility and service timing.

The planning horizon is another important modeling issue. Many HHCRSP models
focus on a single period, such as daily planning [27,28,48], while others extend the planning
horizon to one week [40,49]. Recently, Bazirha et al. [13] consider mixed patient sets with
hard and soft time windows, Varas et al. [21] use multiple time windows with different
services in a single day, Nasir and Kuo [15] consider multi-period services with dynamic
time windows, and van Montfort et al. [50] split long visits into multiple tasks. These
studies show that multi-period planning can better reflect recurring HHC services.

Our work follows this direction by considering patient requests over multiple periods,
where patients may require services in different periods of the planning horizon.

2.3. Soft Time Windows and Perishability-Related Healthcare Logistics

Soft time windows are closely related to service-level optimization. While many stud-
ies use hard time windows to ensure that patients are served within fixed intervals [26,27],
soft time windows allow limited early or late services with penalties [17,23,28,35]. These
models provide more flexibility when resources are limited, while still reflecting patient
dissatisfaction caused by time-window violations. Recent studies have further considered
multiple time windows, where time windows can be either strict or relaxed depending
on the service type [13,37]. These time-window settings are often combined with synchro-
nization constraints, where multiple services must be performed in a fixed or dynamically
determined sequence [15,30,37].

Existing studies have also considered perishable biological samples, medication refills,
and other time-sensitive healthcare services. For example, Shahnejat-Bushehri et al. [51]
and Varas et al. [21] discuss biological sample collection services, where care crews must
return to the hospital after completing certain visits. Similarly, Nasir and Kuo [15] consider
a HHCRSP context with multi-depot, multi-period, dynamic services, medication refill,
and biological samples collections. These studies are relevant to perishable healthcare
logistics because route feasibility depends on the time-sensitive nature of medical items. In
contrast, few studies focus on perishable medicines transported from the MC to patients
and required to be administered before expiration [37]. This creates a different routing logic:
care crews are allowed to serve multiple patients before returning to the MC, provided the
medicines remain valid for use.

In our study, soft time windows are used to balance operational flexibility and patient
satisfaction, while the medicine shelf life imposes an additional hard timing restriction.

2.4. Solution Approaches for HHCRSP

From a methodological perspective, HHCRSP studies mainly use exact meth-
ods, matheuristics, and metaheuristics. Exact methods, such as branching-based algo-
rithms [23,52] and Benders decomposition [29,45,53], are useful for solving small instances
and validating mathematical models, but they face scalability limitations. Matheuristic
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approaches, including Lagrangian relaxation [54,55] and multi-stage frameworks [21,56],
improve scalability by combining mathematical programming with heuristic search. Meta-
heuristics, such as genetic algorithms (GA) [35], simulated annealing (SA) [37], ant colony
optimization (ACO) [28], and adaptive large neighborhood search (ALNS) [33], have also
been widely adopted for larger and more constrained instances. GRASP has also shown
good performance under limited computational resources [40,57].

Building on this stream, our study develops a GRASP algorithm with a construction
heuristic and local search operators tailored to skill compatibility, soft time windows, and
medicine-validity constraints.

To the best of our knowledge, the joint consideration of medicine perishability, soft
time windows, multi-period service requests, and skill-based care crew assignments re-
mains limited in the HHCRSP literature. Existing studies have addressed some of these
elements separately, but their integration creates additional routing and scheduling chal-
lenges because service timing must satisfy patient preferences, care crew working hours,
skill compatibility, and medicine shelf-life requirements at the same time. Therefore, the
proposed model not only optimizes routing and scheduling decisions but also incorporates
medicine perishability constraints and controlled flexibility in service times.

3. Problem Description and Mathematical Model

HHCRSP-STW-PM considers a network, including a medical center (MC) as the
starting location 0, a dummy MC as the endpoint of each tour 0/, and a set of 7 patients
(denoted by C = {1,...,#c}). The problem also involves a set of #p care crews (denoted by
P ={1,...,1p}), who are responsible for serving all patient requests. The scheduling takes
place over g periods (days), represented as K = {1,...,7x}. The network is formally
modeled as a graph G = (N, A), where N = {0,0'} U C represents the set of all nodes, and
A denotes the set of all possible arcs connecting them. Each arc (i, j) € A is associated with
a travel time ¢;; and a travel cost ¢;; = 7t;;, where 7y is the travel unit cost.

Each care crew p € P is assigned a tour in each period k € K and operates within
a predefined time horizon (e.g., the work shift), denoted by [/ ;k, u;k]. Additionally, each
care crew p € P possesses a treatment skill level 6, which represents their ability to
serve patients. Each patient i € C requires medical service that must be administered
before the prescribed medicines expire. The shelf-life of medicines required by patient i
(denoted by I';) represents the time limit within which they must be used after leaving
MC. Patients may require service across multiple periods depending on their demands.
This is indicated by a;;, where aj; = 1 if patient i € C requires service in period k € K;
otherwise, no visit is required for that patient in that period. Each patient also has a specific
treatment requirement level §;, which must be met by the care crew’s treatment skill level
(i.e., it satisfies 8, > B;). The service time at each patient i € C is denoted by s;. Each
patient prefers to be served within a predefined time window [lj, u;]. However, early
and late services are permitted, subject to penalty unit costs 4 and b, respectively. Table 1
summarizes the definitions of sets and parameters used in HHCRSP-STW-PM.

Our HHCRSP-STW-PM is NP-hard, which is an extension of VRPTW. Hence, our
MILP formulation is limited to addressing small instances, as confirmed in our experiments
later. We further consider some assumptions as follows.

e  Each tour starts and ends at MC. Each care crew is only assigned to a single tour in
each period. Moreover, their operations must be within their defined time windows.
e All patient requests are assumed to be known in advance and stable over the planning
horizon. Each patient’s required treatments are represented by a ;. This assumption is
reasonable for tactical or weekly planning, especially for patients with chronic diseases
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or regular prescriptions, where treatment plans are usually determined before care
crews are dispatched.

*  All patient requests must be served in each period. Their medicines must be admin-
istered within their shelf-life time. In other words, the use of expired medicines is
strictly prohibited.

e Travel times and service times are assumed to be deterministic and known in advance.
Uncertain factors such as traffic conditions are ignored in this study.

*  The care crew’s treatment skill level must be equal to or higher than the required
treatment level of the assigned patients.

Table 1. Definitions of sets and parameters.

Notation Definition

{0,0"} Set of the starting and ending MCs in each tour, respectively

C Set of 1j¢ patients, denoted by C = {1,...,7¢}

N Set of all nodes, including MC and all patients, denoted by N = {0,0'} UC
K Set of g periods, denoted by K = {1, ..., 7k}

p Set of 17p care crews, denoted by P = {1,...,1p}

A Set of all connected arcs, denoted by A = {(i,j)|i € N,j € N,i # j}
N 1if patient i € C requests treatment at period k € K; otherwise, 0
Bi Required treatment skill level for patient i € C

0y Treatment skill level of care crew p € P

S; Treatment time required for patienti € C

tij Travel time for arc (i,j) € A

cij Travel cost for arc (i,j) € A

Lk, ik Preferred time window for patient i € C in period k € K

[ll’gk, u;k] Work shift time windows of care crew p € P in period k € K

Uok MC’s closing time in period k € K

I; Shelf-life of the medicine used for treating patienti € C

a Unit penalty cost for early service

b Unit penalty cost for late service

Figure 1 illustrates an example of the problem. The left side of the figure represents
a network consisting of a medical center (MC) (node 0) and nine patients (nodes 1 to 9).
Each patient has a required treatment skill level and specific request periods. The right
side of the figure shows the construction of tours over three periods, served by three care
crews with different skill levels (ranging from 1 to 3). For instance, in period 1, a subset of
patients (nodes 1, 2, 3, 7, and 8) requests HHC services. Two care crews with a skill level
of 3 are assigned to serve patients 1, 2, and 3, while another care crew with a skill level
of 1 serves patients 7 and 8. Similarly, tours in the remaining periods are planned while
ensuring that patient requirements are met.

To determine a solution for the problem in the mathematical model, we define a set of
decision variables, as summarized in Table 2.

Table 2. List of decision variables.

Variables Definition

Xijpk 1if arc (i,j) € A is used by care-crew p € P at period k € K; otherwise, 0

Yipk 1 if patient i € C is checked by care crew p € P at period k € K earlier than the
time windows (i.e., Tjpr < ljk); otherwise, 0

Zipk 1if patient i € C is checked by care crew p € P at period k € K later that the time
window (i.e., Tjpr > ujx); otherwise, 0

Tipk Arrival time of care-crew p € P uponnode i € N at period k € K

Aipk Penalty time of care-crew p € P for early visit patient i € C in period k € K

Hipk Penalty time of care-crew p € P for late visit patient i € C in period k € K
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Figure 1. An illustrative example of HHCRSP-STW-PM.

The MILP model is then presented as follows.

Minimize Z Z Zci]-xijpk + Z 2 Z (aAipk + b.uipk) 1

(i,j)eN peP keK ieN peP keK

The objective function (1) minimizes the total cost, which consists of two components:
total travel cost and penalty costs for early and late services.

Yo ) ik = gk VieCkeK )
(i,j)eA peP

Y. B < 6y VieCpePkeK (3)
(i,j)eA

Y. xojpk <1 VkeK,peP 4)
(0j)eA

Yy <1 VkeK,peP 5)
(j0HeA

Z X0jpk — Z Xjo'pk = 0 Vke K,peP 6)
(0j)eA (j0")eA

Z Xijpk — Z xjipk—o Vie NkeKpeP ?)
(ij)eA (ji)eA

Constraint (2) ensures that each patient is served during the required periods.
Constraint (3) guarantees that the assigned care crew has the necessary qualifications
to treat the visited patients. Constraints (4) and (5) ensure that each care crew starts and
ends the tour at MC at most once per period, respectively. Constraint (6) ensures that the
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departed care crew will return later in the same period. Constraint (7) enforces the flow
conservation of tours.

Tipk < Tipk + 5i + tij + ok (1 — Xijpr) V(i,j) € A,p € P,ke K (8)
Tjpk 2 Tipk + 8i + tij — ok (1 — Xijp) V(i,j)€ A,pePkeK 9)
D < Tipk < iy Vie NpePkeK (10)
Tipk — Topk < Lj+uoe(1— Y Xijpr) VjieCpePkek (11)
(ij)eA
lik — Tipk < Aipk VieC,pc PkcK (12)
lik = Tipk > Aipk — ok (1 = Yipk) VieC,pePkeK (13)
Aipk < UokYipk VieC,pePkeK (14)
Tipk +Si — Uik < Hipk VieC,pePkeK (15)
Tipk + i — Uik > Pipk — Uok(1 — Zipk) VieCpePkeK (16)
Hipk < UokZipk VieC,pePkeK (17)

Constraints (8) and (9) determine the service start time at each node. Constraint (10)
ensures that each tour operates within the assigned care crew’s work shift. Constraint (11)
guarantees that care crews visit patients before their prescribed medicines expire.
Constraints (12)—(14) compute the penalty for early visits, while Constraints (15)—(17) de-
termine the penalty for late visits.

Xijpk € {0,1} V(i,j) € A,pe P,k e K (18)
Yipk, Zipk € {0,1} Vie N,pe P,keK (19)
Tipks Aipks Hipk = 0 Vie Npe P,keK (20)

Constraints (18)—(20) define the range of decision variables used in the proposed problem.

4. Solution Approach

This section presents the proposed algorithm for solving HHCRSP-STW-PM. The
greedy randomized adaptive search procedure (GRASP) has been widely applied to combi-
natorial optimization problems, particularly vehicle routing problem (VRP) variants [57-59]
and HHCRSP variants [60,61]. GRASP is a multi-start algorithm consisting of two main
phases, a construction phase and a local search phase, which are iteratively applied to
explore and refine solutions.

Algorithm 1 outlines the proposed GRASP procedure. Let S* denote the best solu-
tion and S denote the incumbent solution. Both are initialized as empty solutions with
positive infinite values for minimization problems (see Line 1). The algorithm iterates
for ;s iterations (see Lines 2—6). In each iteration, a solution is first constructed using a
randomized greedy-based heuristic, denoted by constructionHeuristic () (see Line 3).
This solution is then refined through a local search procedure to enhance quality, denoted
by localSearch(S) (see Line 4). At the end of each iteration, the best solution is updated
accordingly (see Lines 5 and 6). The algorithm outputs the best solution S* after completing
all iterations (see Line 7).

The following subsections detail the main components of GRASP. Section 4.1 explains
the solution representation for HHCRSP-STW-PM. Section 4.2 details the procedure for
updating a solution and evaluating its objective value. Section 4.3 describes the construction
heuristic employed in GRASP. Finally, Section 4.4 discusses the local search phase with
neighborhood operators to refine solutions.
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Algorithm 1 GRASP(1};4,,) pseudocode.

1: §,5% < @, f(S), f(S*) < +o0

2: while : < 7, do

3 S < constructionHeuristic() > see Section 4.3
4: S < localSearch(S) > see Section 4.4
5 if f(S) < f(S*) then
6:

7:

§* 5, f(87) < f(S)

return S*

4.1. Solution Representation

A solution of HHCRSP-STW-PM can be represented as a set of 77 2D arrays, where
each array corresponds to a specific period and contains the set of tours scheduled within
that period, ensuring that all patient requests are served. Each care crew assigned to a tour is
structured as a row that begins and ends at MC (0) while maintaining compatibility between
the requested skill service and the assigned care crew (6,,). Additionally, the problem allows
soft time windows, but no waiting time is permitted during tours. Therefore, the start
time of each tour (79) must be determined to minimize penalty costs (see Section 4.2). This
representation inherently ensures the following: (1) All patient requests are served within
the defined planning periods; (2) Skill compatibility (6)) is maintained between care crews
and required services and (3) Medicine perishability constraints are respected. Figure 2
provides an example based on the solution depicted in Figure 1.

0 Op T0 Op 0 bp

20 3(01]12 (31|60 5 3/]0(2|3]41/060 0 2101121410

0 3/]0(11]0 16 3/01|110 52101910

15 3108|710 0o 210|910 25 31 0] 6|0

7 1101180

Period 1 Period 2 Period 3

Figure 2. Solution representation for the example in Figure 1.

4.2. Evaluation of the Objective Function

Our approach considers only feasible solutions, where the objective value f(S) of a
given solution S is defined as the sum of the total travel cost f;,,,¢(S) and penalty cost
fren(S) incurred due to early and late services. Each solution S comprises planning for #7x
periods, where each plan consists of a set of tours. A tour (p, k) represents the assigned
tour of care crew p € P during period k € K, which visits a subset of patients Cjx C Cina
predefined sequence. The penalty cost f,.:(S) depends on the start time of each tour, which
can be independently optimized to minimize penalty costs. We note that some notations
used in this section are defined in Section 3 for consistency and clarity.

Algorithm 2 computes the objective value f(S) of solution S while simultaneously de-
termining the optimal start time T, for each tour (p, k), denoted by evaluateObjective(S).
Initially, the total travel cost fj,,, is computed in O(1) time complexity (see Line 1). The
penalty cost 6,1 (To,x) for each tour (p, k) is subsequently determined, as it depends on the
tour’s start time Ty, (see Lines 3-12). Finally, the objective value is updated and returned
(see Lines 13 and 14).

For each tour (p, k), the algorithm computes the earliest feasible start time Té’;kn and
the latest feasible start time 1522", within which no penalty is incurred. Here, 7/ Pk denotes
the cumulative arrival time at each patient i € C,x assuming the tour starts at 7o, = 0 (see
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Lines 4 and 5). If Tér};‘,? < Té’;?(x, then the penalty-free tour (p, k) exists and the tour’s start
time is set to Té’;‘;k“ (see Lines 7 and 8); otherwise, a set of candidate start times & is generated
to identify the start time that minimizes the total penalty 5pk(T0pk) (see Lines 10 and 11).

To be specific, the candidate start time is identified by the maximum gaps between
the actual arrival of the care-crew and both bounds of the candidate time window. If the
arrival is earlier than the time window, the tour is shifted backward but cannot exceed the
lower bound of the working hour of the associated care-crew. If the arrival is bounded by
the time windows, the care-crew will not modify their tour start time since there were no
signs of time window violation. Otherwise, the tour starting time is shifted forward by the
exact amount of the gaps but cannot exceed the care-crew’s upper working hour. The total
penalty cost is then updated accordingly (see Line 12). We note that if a tour (p, k) starts at
Topk, then the penalty cost d, (Topk) is computed as follows.

5pk(TOpk) = Z (max(O,a(lik — Ti/pk — TOpk) + max(O, b(Tink +s; + TOpk — uik)) Vp e P,keK (21)

iECpk

Assume that the care crew p works in the shift [480,960] and is assigned to a tour
visiting five patients with time windows [360, 600], [550, 650], [700,800], [700,800], and
[850,1000], respectively. The initial arrival times, including the MC departure and return
times, are (480,545, 625, 670,760,795, 850), where 480 is the departure time and 850 is the
return time. Assume that s; = 10 incurs early penalties of 30 and 55 time units, respectively,
so the total penalty time is 85 (assuming a = b = 1).

Line 10 then evaluates feasible start-time adjustments for this fixed tour. If the tour is
shifted forward by 55 time units, the arrival times become (535, 600, 680, 725, 815, 850,905). In
this schedule, the second and fourth patients violate their time windows by 40 and 25 time
units, respectively, resulting in a total penalty time of 65. A backward re-adjustment is then
evaluated. When the arrival times are shifted to (495,560, 640, 685, 775,810, 865), the third
and fifth patients are served 15 and 40 time units earlier, respectively. The total penalty time
is, therefore, 55, which is 30 time units less than the initial schedule. This is the optimal
assignment because the next shift will result in a 65-time-unit penalty.

Algorithm 2 evaluateObjective(S).

1 ftravel(S) <~ Updated in 6(1) time complexity
2: fpgn(s) <— 0
3. for each tour (p,k) € S do
i /
4 T(IJT;;}CH — maxiecpk(lik — Tipk)
3 /

5 1'5’;2" — mmiecpk(uik — Tl-pk)

. s £ —min max
6: if Topk < Topk then

min

7 Topk < TOpk
8
9

5pk(TOpk) <0

: else
10: & {max(0,l — Tl-’pk),max(O, Ti’pk —uy)|i € Cpr} > Candidate start times
11: Topk < argmin,, c o, 6 (0)
12: fren(S) < fpen(S) + Spk(Topk) > Opk(Topk) is computed by Equation (21)

13: f(S) < firavei (S) +fP€"(S>
14: return f(S)

4.3. Construction Phase

A modified greedy-based insertion heuristic with randomness factors is proposed as
a construction heuristic, denoted by constructionHeuristic(). This heuristic generates
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a feasible solution while ensuring both solution quality and the diversity of solutions in
GRASP iterations.

Algorithm 3 presents the constructionHeuristic() procedure, which constructs an
initial feasible solution. The algorithm begins by initializing an empty solution S (see
Line 1) and iteratively builds the solution for each planning period k € K (see Lines 2-14).
For each planning period k € K, a partial solution for that period, denoted as S, includes
a set of tours, initialized as an empty set (see Line 3). Let @'masigned denote a set of
unassigned patients, which is initialized as the set of all patients requiring service in period
k, represented as Cj (see Line 4). An iterative insertion procedure continues to insert all
patients into Sy, ensuring feasibility constraints (see Lines 5-13). The completed schedule
S is then added into the overall solution S (see Line 14). The output is a feasible solution S
(see Line 15).

During each insertion process, let ZPotential denote the set of potential insertions,
which is initialized as an empty set (see Line 6). This set is populated by evaluating all
feasible insertions for each unassigned patient (see Lines 7-9). Each potential insertion is
represented by a tuple {i, tour;, pos;, score;}, where i denotes the considered patient, tour;
specifies the tour in which the patient is inserted, pos; defines the position within the
inserted tour, and score; evaluates the quality of the insertion. These values are evaluated
by using the greedyEvaluate() function (see Line 8). ZPotential jg then updated (see
Line 9). As ZPotential jg constructed, it is sorted by score; in ascending order for selection
(see Line 10). To introduce randomness into the construction heuristic, the next insertion
{i*, tour;, pos;= } is chosen as the [¢ X ppest |-th candidate in ZPotential where & ~ U(0,1)
is a uniformly distributed random number, and py,s; represents the randomness level, set
to 5 (see Line 11). The selected patient i* is then inserted into S* at the corresponding tour
and position (see Line 12).

Algorithm 3 constructionHeuristic().

1: $+ O
2: for each periodk € K do
3: Sk — @
igned
4. %una551gne (_ Ck
5: while gurassigned L @) do
6 gpotential —Q
7: for i € gunassigned o
8: i, tour;, pos;, score; <— g;eedyEvaluate(Sk, i)
9: potential . cppotential | [(j toyr;, pos;,score;)}
10: gpotential . gort the list by ascending score;
11: i*, tour, posi+ < Select the [ X Ppest|-th insertion in ZPotential
12: Update Sy by insertingi* into tour four; at position pos;
13: (gunassigned — cgunassigned \ {Z*}
14: S+ SUS
15: return S

In greedyEvaluate(Sg, i) we assess potential insertion positions for patient i into
the current solution Sy at period k using a greedy-based function with randomness. The
objective is to determine the best insertion position that minimizes the associated score
while maintaining feasibility. Each candidate insertion is represented as (tour}, pos}), where
tour} denotes the selected tour within Sy in which patient i is being considered for insertion,
and pos] represents the specific position within the tour where the insertion is evaluated.
For each candidate position (tour!, pos!), a corresponding score is computed as follows.
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score!(tour}, pos;) = w1% + ZUQ; + W3bcost + Wiabpenalty (22)
1 1

Here, dc0st denotes the incremental travel cost incurred by inserting patient i at position
(tour}, pos;), while 6,11, represents the penalty cost associated with the insertion. More-
over, wy, Wy, w3, and w4 represent weight parameters corresponding to patient prioritization
based on medicine shelf life, required skill level, travel cost, and time penalties, respec-
tively. Additionally, each weight is perturbed to introduce randomness: w, = w?(1 + %)
for each ¢ = {1,...,4}, where % ~ U(—1,1), and w? represents the initial value of the
associated weight.

4.4. Local Search Phase

For the local search phase, we adopt the variable neighborhood descent (VND) frame-
work [62]. Based on the concept of classical neighborhood operators [63,64], with a modifi-
cation to address specific problem characteristics, a set of neighborhood operators (denoted
by 0) is proposed to improve solutions, which are described as follows.

e 1(S): Shift operator removes a patient from its current position and reinserts it at a
different location within the same tour.

*  0,(S): Swap operator swaps the positions of two different patients within the same
tour to generate a new solution.

e 03(S): 2-Opt operator selects a segment within a tour and reverses its sequence to
obtain a new solution. A segment is the path between two patients within a tour.

*  04(S): Shift-Inter operator removes a patient from its current location and reinserts it
into a different position in another tour. Additionally, if the solution contains empty
tours, this operator creates a new tour by assigning the patient to it.

*  05(S): Swap-Inter operator exchanges the positions of two patients from different
tours to generate a new neighboring solution.

*  04(S): 2-Opt* operator selects two tours and divides each into two segments. The first
segment from the first tour is combined with the second segment from the second
tour, and vice versa, Creating two new tours.

*  07(S): OrOpt operator removes a segment from a tour and reinserts it at a different
position within the same tour to generate a new solution.

e 03(S): DestroyTour operator removes an entire tour from the solution and reinserts
the removed patients into the remaining tours. The insertion positions are determined
based on the minimal increase in the objective value.

The search process ensures feasibility by strictly adhering to key constraints including
the following: (1) The compatibility of skill levels must be ensured so that assigned care
crews possess the required expertise for each patient; (2) Services must be completed within
the medicine’s shelf life to maintain treatment effectiveness and (3) All patient requests
associated with predefined periods are fully served within care crews” working hours.

Algorithm 4 presents the local search procedure, denoted by localSearch(S), where
S represents the given solution to be improved. Let S’ be the incumbent solution. We also
denote / as the selected operator index, initialized to 1 (see Line 1). Each operator in 0
is sequentially applied until no further improvement is found across all operators (see
Lines 2-8). For implementing each operator, the procedure follows a first-improvement
strategy, terminating the search upon finding a better solution (see Line 3). We note that
evaluateObjective(S) is used to determine the solution quality during the search. If an
improved solution is found, then the best solution is updated, and the search restarts with
the first operator in the next iteration (see Lines 4-6); otherwise, the subsequent operator is
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implemented in the following iteration (see Line 8). The output is an improved solution
(see Line 9).

Algorithm 4 localSearch(S) pseudocode.

1: h+1

2: whileh < |0] do
3 s %@h(S)

4 if £(S') < f(S) then

5 S« S, f(S) « f(8)
6: h+1
7

8

9:

else
h<h+1
return S

5. Computational Results

This section presents numerical experiments to analyze our proposed problem and to
evaluate the performance of GRASP. Section 5.1 describes the HHCRSP-STW-PM bench-
mark instances. Section 5.2 reports the results of HHCRSP-STW-PM instances obtained
using the mathematical model and GRASP. Section 5.3 provides a sensitivity analysis of key
factors and discusses managerial insights. All experiments are conducted on a computer
with an Intel Core i7-10700 CPU (2.90 GHz) and 32 GB of RAM. The MILP model is solved
using the GUROBI solver, while GRASP is implemented in Python 3.10.11.

5.1. Data Description

We generated the test HHCRSP-STW-PM instances based on benchmark HHCRSP
instances, which reflect real-life characteristics observed by the Austrian Red Cross
(ARC) [43]. The dataset includes 26 instances with 6-12 care crews and 20-60 patients.
Additionally, to evaluate the MILP model, we introduce 12 new smaller instances with
3-9 care crews and 6-15 patients. Each instance is named by using the format x_y_z, where
x represents the number of care crews, y denotes the number of patients, and z is the
instance index. All instances follow a seven-period (i.e., seven-day) planning horizon. To
address new components, we introduce additional information as follows.

*  Care crews are classified into three skill levels, ranging from 1 to 3. For all instances,
we assume that the number of care crews is equal.

*  Patients are grouped into three types based on required services, with each assigned
a specific set of medicines with different shelf lives: long-term (equal to care crew
working hours), medium-term (80% of working hours), and short-term (40% of work-
ing hours).

*  The unit operation cost is set to y = 1, while penalty costs are fixed ata = b = 2.
These parameters are further examined in the sensitivity analysis.

5.2. Results on HHCRSP-STW-PM Instances

This section presents detailed results on HHCRSP-STW-PM instances, comparing the
performance of GRASP with that of the GUROBI solver. Regarding computational time, the
GUROBI solver is given a time limit of 2 h, while the number of iterations #;,,, in GRASP is
set to 5000. The algorithm is executed 10 times per instance to obtain the best solution (f;)
and the average solution (f;). We also compute Af; and Af},, which correspondingly repre-
sent the gaps between the best and average solutions obtained by GRASP and the solutions
obtained by GUROBL. These values are computed by Af;[%] = f “ff*f “and A fo[%] = / b;*f -
where f* denotes the solution obtained by GUROBI. Computational time (CPU) is recorded
in seconds.

https:/ /doi.org/10.3390/math14142551


https://doi.org/10.3390/math14142551

Mathematics 2026, 14, 2551

14 of 20

Table 3 presents the detailed results of small-sized instances obtained by GUROBI and
GRASP. GUROBI successfully finds the optimal solutions for all instances. On the other
hand, GRASP achieves optimality across all runs while significantly reducing computa-

tional time and requiring only 0.11 s on average compared to 5.08 s with GUROBI.

Table 3. Comparison of the results of the small instances between GUROBI solver and GRASP.

GUROBI GRASP GAP (Af[%])
Instance #p 7c

f CPU(s) fa fo CPU(s) Afp—y Afa Afp
3.6_1 3 6 1372 0.50 1372 1372 0.10 0.00 0.00 0.00
3.8_1 3 8 3515 1.66 3515 3515 0.11 0.00 0.00 0.00
391 3 9 2128 3.00 2128 2128 0.11 0.00 0.00 0.00
6_5_1 6 5 839 034 839 839 0.10 0.00 0.00 0.00
652 6 5 632 039 632 632 0.10 0.00 0.00 0.00
6_8_1 6 8 877 431 877 877 0.11 0.00 0.00 0.00
6_10_1 6 10 1138 4.84 1138 1138 0.12 0.00 0.00 0.00
6_10_2 6 10 1173 5.70 1173 1173 0.13 0.00 0.00 0.00
6_10_3 6 10 1458 4.03 1458 1458 0.12 0.00 0.00 0.00
6_15_1 6 15 2755 23.78 2755 2755 0.15 0.00 0.00 0.00
9.8_1 9 8 644 058 644 644 0.10 0.00 0.00 0.00
991 9 9 1300 11.84 1300 1300 0.12 0.00 0.00 0.00
Average 5.08 0.11 0.00 0.00 0.00

Table 4 presents the detailed results for large-sized instances obtained using both
GUROBI and GRASP. While GUROBI can solve only a limited number of instances (specifi-
cally, those with up to 6 care crews and 30 patients), GRASP consistently provides feasible

solutions for all instances in every run. The robustness of GRASP is further demonstrated

_ /i

by the small gap between the average and best solutions, computed as Af, , = ”f%bf”,

which remains at just 2.85%. To sum up, GRASP is an effective approach for solving

HHCRSP-STW-PM instances within a reasonable computational time, averaging 827.90 s.

These results mean that GRASP can be positively implemented to conduct further analysis

in subsequent sections.

Table 4. Comparison of the results of the large instances between GUROBI solver and GRASP.

GUROBI GRASP GAP (Af[%])
Instance #p 1c

f CPUG) fo fy CPUG) Afy_y Afa Afy
6_20_1 6 20 3126 79.781 3126 3126 0.30 0.00 0.00 0.00
6_30_1 6 30 3635 3148 3635 3748 10.08 3.10 0.00 3.00
6_30_2 6 30 2605 34492 2605 2631 1.65 1.00 0.00 0.99
6_30_3 6 30 - 7200 5214 5308 190.37 1.80 - -
6_30_4 6 30 - 7200 5040 5166 203.55 2.50 - -
6_30_5 6 30 - 7200 4190 4261 165.11 1.70 - -
6_30_6 6 30 - 7200 4177 4265 216.84 2.10 - -
6_30_7 6 30 - 7200 5158 5261 21877  2.00 - -
6_30_8 6 30 4254 6754 4254 4442 19.19 4.43 0.00 4.24
6_30_9 6 30 - 7200 5736 5839 189.15 1.80 - -
6.30_10 6 30 4146 2638 4146 4262 15.59 2.80 0.00 273
9.35.5 9 3% - 7200 5584 5696 486.67  2.00 - -
9_40_6 9 40 - 7200 4358 4441 87026 1.90 - -
9451 9 45 - 7200 6369 6471 1,196 1.60 - -
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GUROBI  GRASP GAP (Af[%])
Instance #p 7#c

f CPU(G) fa fo CPUGs) Afy_a Afa Afy
9.45 2 9 45 - 7200 18,533 19,200 1019 3.60 - -
9.45 3 9 45 - 7200 4888 4986 909 2.00 - -
9. 45 4 9 45 - 7200 4909 5120 1151 4.30 - -
945 5 9 45 - 7200 16,073 16,668 1308 3.70 - -
945 6 9 45 - 7200 8548 8933 1364 4.50 - -
9.45 7 9 45 - 7200 13,312 13,658 1048 2.60 - -
9.45 8 9 45 - 7200 19,654 20,381 928 3.70 - -
9. 45 9 9 45 - 7200 18,594 19,170 1047 3.10 - -
94510 9 45 - 7200 15,052 15,714 1249 4.40 - -
94511 9 45 - 7200 17,424 18,061 1150 3.60 - -
12_50_1 12 50 - 7200 10,634 11,123 3002 4.60 - -
12.60.1 12 60 - 7200 15,439 16,257 3565 5.30 - -
Average 6314 82790 285 0.00 2.19

5.3. Sensitivity Analysis

To further evaluate the effects of perishable medicines, care crew resources, and unit

cost weights, we conduct additional experiments using a randomly selected HHCRSP-
STW-PM instance (i.e., instance 6_30_3 with 6 nurses and 30 patients). The best results
are evaluated over 10 runs, with parameter variations designed to assess their impact on

operational and penalty costs as follows.

The shelf life of medicine for each patient i € C is reduced to 1"?, 0.91"?, O.SF?, and
0.71"?, where 1"? represents the initial values used in Section 5.2.

Care crew availability is set to 7p € {3,6,9} with an equal distribution across skill
levels. For instance, 7p = 6 means that there are two care crews per skill level.

Cost parameters include variations in unit travel cost (i.e., v € {1,2,3}) and unit
penalty costs for early and late services (i.e., a,b € {1,2,3}).

Table 5 presents the detailed results obtained by GRASP under various parameter

settings. The table reports travel cost fi,44.1, total penalty cost fye;, and total cost f for

each configuration, which is defined by (#p,v,a,b,T;). Based on these results, the key

observations and highlights are summarized as follows.

Figure 3 illustrates that as the medicine shelf life decreases, all cost components
generally increase, with total costs rising significantly when care crew resources are
limited (i.e., #p = 3 and 6). Adding more care crews does not always reduce travel
costs; however, it can reduce penalty costs by improving routing and scheduling
flexibility. Notably, the setting with #p = 9 shows that a moderate increase in travel
cost may still be acceptable when it leads to a larger reduction in penalty cost.
Figure 4 shows that penalty costs (see red lines) dominate when fewer care crews
are available (i.e., #p = 3 and 6) due to frequent early or late visits. However, as the
number of care crews increases (i.e., #p = 9), the trade-off between travel costs (see
gray lines) and penalties (see red lines) becomes more evident. Interestingly, travel
costs remain nearly unchanged despite the increase in care crew resources, suggesting
that penalty reduction is the primary benefit of expanding workforce availability.
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Figure 4. Effects of cost component weights under varying care crew resource levels with I; = IY.
Based on these findings, several recommendations can be suggested for HHC man-
agers. First, patients requiring short shelf-life medicines should be scheduled with higher
priority and, when possible, placed near the beginning of a care crew’s tour to reduce the
risk of medicine expiration and high penalty costs. Second, care crew availability should
be adjusted according to the share of penalty cost in the total cost. When penalty cost
dominates, adding temporary care crews or splitting long tours may be cost-effective, even
if travel cost slightly increases. Third, hospitals should compare the reduction in penalty
cost with the additional staffing cost before increasing the number of care crews.
Table 5. Detailed results of HHCRSP-STW-PM under varying parameters.
r;=n? I; =0.917 I; = 0.817 I; =0.719
np vy a=b»b
ftmvel fpen f ftmvel fpen f ftmvel fpen f ftmvel fpen f
3 1 1 619 2291 2910 710 3682 4392 788 5013 5801 859 9153 10,012
3 1 2 684 4587 5271 751 6638 7389 785 10,505 11,290 821 16,953 17,774
3 1 3 609 7291 7900 662 10,475 11,137 833 15,486 16,319 864 26,030 26,894
3 2 1 1154 2273 3427 1225 3896 5121 1252 6284 7536 1401 11,591 12,992
3 2 2 1655 4204 5859 1757 7772 9529 1793 14,382 16,175 2100 22,159 24,259
3 2 3 1121 7490 8611 1751 12,796 14,547 1764 22,185 23,949 1819 33,436 35,255
3 3 1 1784 3027 4811 2237 6741 8978 2784 8842 11,626 3005 12,584 15,589
3 3 2 2029 4914 6943 2329 9699 12,028 2530 15,649 18,179 2979 22,800 25,779
3 3 3 2610 7875 10485 2994 17,507 20,501 3350 24,510 27,860 3542 38,377 41,919
6 1 1 519 2038 2557 598 3327 3925 627 4585 5212 684 8531 9215
6 1 2 562 4253 4815 707 6246 6953 762 8730 9492 795 15,330 16,125
6 1 3 534 6392 6926 628 9266 9894 663 12,895 13,558 684 22,188 22,872
6 2 1 1292 1870 3162 1393 3401 4794 1419 5672 7091 1548 10,099 11,647
6 2 2 1490 3785 5275 1565 6922 8487 1895 11,996 13,891 2038 19,193 21,231
6 2 3 1382 6661 8043 1543 12,106 13,649 1777 18,274 20,061 2286 29,890 32,176
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Table 5. Cont.
r;=o? I; =0.917 I; =0.817 Ir; =0.719
ey a=b

ftruvel fpen f ftravel fpen f ftravel fpen f ftravel fpen f
6 3 1 2597 1996 4593 2789 5492 8281 2868 7846 10,714 2956 11,227 14,183
6 3 2 2985 3691 6676 3267 8255 11,522 3297 13,740 17,037 3512 19,297 22,809
6 3 3 3260 6822 10,082 3549 15,418 18,967 3874 21,018 24,892 4095 35,435 39,530
9 1 1 676 966 1642 826 1478 2304 869 2506 3375 1719 3681 5400
9 1 2 833 1422 2255 895 3083 3978 1182 3795 4977 1815 4364 6179
9 1 3 793 3069 3862 1048 3646 4694 1304 7009 8313 1567 8568 10,135
9 2 1 1958 618 2576 2652 786 3438 2734 2114 4848 3447 3147 6594
9 2 2 2042 1362 3404 2145 3652 5797 2316 6140 8456 2575 7177 9752
9 2 3 1504 2353 3857 2028 3852 5880 2379 7116 9495 2483 11,233 13,716
9 3 1 2529 272 2801 2977 799 3776 3451 1767 5218 3612 6153 9765
9 3 2 2251 1662 3913 2510 1905 4415 2611 6277 8888 3451 10,543 13,994
9 3 3 2747 3331 6078 2895 5065 7960 3001 9924 12,925 3188 15,091 18,279

6. Conclusions

This research addresses the home health care routing and scheduling problem with
soft time windows and perishable medicines (HHCRSP-STW-PM), focusing on the impact
of medicine shelf life on service quality. The problem framework allows for a more flexible
system that permits early and late services with additional penalty costs, thereby balancing
operational expense minimization. The objective function incorporates weighted travel
and penalty costs, accounting for different care crew types with varying skill levels to
accommodate diverse service requirements.

We develop a mixed-integer linear programming (MILP) model and propose an
efficient greedy randomized adaptive search procedure (GRASP) algorithm. While the
MILP model can obtain optimal solutions only for small instances with the GUROBI
solver, the proposed GRASP effectively provides feasible solutions for all instances within
reasonable computational times. The computational results show that GRASP can generate
high-quality solutions. The sensitivity analysis further indicates that medicine shelf life, care
crew availability, and cost-weight settings strongly affect routing and scheduling decisions.

The results suggest several managerial implications. Patients requiring short shelf-life
medicines should be prioritized and, when possible, scheduled earlier in a care crew’s tour.
Soft time windows can provide scheduling flexibility, but medicine-validity constraints
must remain strictly satisfied. When penalty costs account for a large share of total costs,
managers may consider adding temporary care crews, splitting long tours, or reassigning
patients among crews during peak periods. These decisions should be evaluated by
comparing the reduction in penalty cost with the additional staffing and travel costs.

Several future research directions can be considered. Future studies may extend the
model by considering uncertain or time-dependent travel times, urgent requests, cancel-
lations, and stochastic patient demand. More advanced perishability models can also
be developed to represent dynamic medicine validity under different storage or routing
conditions. In addition, inter-period constraints such as continuity of care and workload
balance may be incorporated. Finally, testing the proposed model with real healthcare
datasets and comparing our proposed algorithm with other well-known metaheuristics
would further evaluate its practical effectiveness.
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