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ABSTRACT

Intra-Hospital Transportation Problem: A Two-Phase Bayesian Deep
Reinforcement Learning Framework
Hossein Torkinezhadirani
Master of Science in Industrial Engineering
1 July 2025

The rapid growth in intra-hospital transportation demand, driven by increasing
patient flows and operational complexity, has placed critical pressure on hospi-
tal logistics systems. Transportation requests, ranging from time-sensitive patient
transportation to the delivery of medical supplies and equipment, must be fulfilled
with high reliability while managing human resource constraints and emerging au-
tomation technologies. This thesis addresses the Real-Time Intra-Hospital Trans-
portation Problem (RIHTP), aiming to optimize the assignment and routing of
both human porters and service robots under dynamically arriving and heteroge-
neous transportation requests. We first develop a detailed problem formulation
that integrates recharging requirements for robots, compatibility constraints, work-
load balancing, and urgency-sensitive delay penalties. For the static setting, the
problem is modeled as a Dial-a-Ride Problem (DARP) and solved using a Mixed In-
teger Linear Programming (MILP) formulation to benchmark solution quality. For
the dynamic setting, we propose a novel two-phase solution methodology: Phase
1 employs a Bayesian Deep Reinforcement Learning framework to assign requests
in real time under uncertainty, and Phase 2 applies a Best Insertion heuristic fol-
lowed by Adaptive Variable Neighborhood Search (AVNS) for route construction
and consolidation. Using a suite of realistically simulated hospital scenarios, our
computational experiments demonstrate that the proposed Bayesian-based assign-
ment policy outperforms existing baseline policies in the heterogeneous environment
of hospital transportation, achieving a 9.26% improvement over the current hospital
policy. Furthermore, the proposed two-phase solution approach yields a 10.88% re-
duction in total objective value compared to the conventional one-phase reoptimiza-
tion method widely adopted in the literature, while simultaneously reducing average

runtime from 954.97 seconds to 299.56 seconds. Furthermore, experiments investi-
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gating other operational and tactical decisions highlight the substantial benefits of
integrating service robots into the transportation system: the average workload of
human porters decreases by approximately 15%, delay penalties are reduced by up to
85%, and overall objective function values drop by 13%. These findings collectively
underscore the efficacy and scalability of our proposed framework in enhancing re-
sponsiveness, equity, and efficiency within real-time hospital logistics. The proposed
methods are shown to be effective across diverse operational conditions, including
varying request arrival rates, transporter fleet configurations, and robot eligibility
scenarios. Additionally, the framework captures the complex interplay between as-
signment policies, route optimization, and automation integration, offering practical
insights into transporter coordination and workload management. In summary, this
thesis contributes scalable, cost-efficient, and policy-aware solutions for real-time
intra-hospital transportation, providing actionable guidance for smart hospital lo-
gistics, automation planning, and the future integration of learning-based decision

support systems in healthcare environments.



OZETCE

Hastane igi Tasimacilik Problemi: Iki Asamali Bayesyen Derin
Pekistirmeli Ogrenme Cercevesi
Hossein Torkinezhadirani
Endiistri Miihendisligi, Yiiksek Lisans
1 Temmuz 2025

Hastane ici tasimacilik talebindeki hizli artig, artan hasta akislar1 ve operasyonel
karmagikligin etkisiyle hastane lojistik sistemleri iizerinde 6nemli bir baski olusturmu-
stur. Zaman hassasiyetine sahip hasta tagimalarindan tibbi malzeme ve ekipman
teslimatina kadar uzanan tagima taleplerinin, hem insan kaynagi kisitlar1 hem de
gelismekte olan otomasyon teknolojileri goz ontinde bulundurularak yiiksek giivenilir-
likle kargilanmasi gerekmektedir. Bu tez, Real-Time Intra-Hospital Transporta-
tion Problem (RIHTP) iizerine odaklanmakta ve dinamik olarak gelen, hetero-
jen ozellikler tasiyan tasima talepleri altinda insan portorler ile servis robotlarinin
atama ve rotalama kararlarmin optimize edilmesini amaclamaktadir. Ilk olarak,
robotlar icin sarj gereksinimleri, gorev uyumlulugu kisitlari, ig yiikii dengesi ve
aciliyet bazli gecikme cezalari gibi unsurlari igeren ayrintili bir problem formiilasyonu
geligtirilmigtir. Statik ortam igin problem, Dial-a-Ride Problem (DARP) olarak
modellenmig ve ¢oziim kalitesini degerlendirmek amaciyla Mixed Integer Linear Pro-
gramming (MILP) formiilasyonu ile ¢oziilmiigtiir. Dinamik ortamda ise iki agamali
yenilikci bir ¢oziim yontemi onerilmistir: Birinci agsamada, gergek zamanlh ve belirsi-
zlik altindaki atama kararlarini vermek tizere Bayesian Deep Reinforcement Learn-
ing cercevesi kullamlmaktadir. Ikinci agsamada ise, rota olusturma ve birlegtirme
iglemleri i¢in Best Insertion sezgiseli uygulanmakta, ardindan Adaptive Variable
Neighborhood Search (AVNS) yontemi kullanilmaktadir. Gergekci hastane senary-
olar1 kullanilarak yiiriitiilen hesaplamali dene-yler, onerilen Bayesyen tabanh atama
politikasinin, hastane ici tagima sistemlerinin heterojen yapisinda mevcut temel poli-
tikalara kiyasla tistiin performans gosterdigini ve mevcut hastane politikasina gore
%9.26 oraninda iyilesme sagladigim ortaya koymaktadir. Ayrica, onerilen iki asamali
¢oziim yaklagimi, literatiirde yaygin olarak kullanilan tek agsamali yeniden optimiza-

syon yontemine kiyasla toplam amag fonksiyonu degerinde %10.88 azalma saglarken,
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ortalama ¢oziim siiresini 954.97 saniyeden 299.56 saniyeye diigiirmektedir. Buna ek
olarak, farkli operasyonel ve taktik kararlari inceleyen deneyler, tagima sistemine
servis robotlarinin entegre edilmesinin 6nemli kazanimlar sagladigini gostermektedir:
Insan portérlerin ortalama is yiikii yaklagik %15 oraninda azalmakta, gecikme cezalar
%85’e varan oranlarda diilsmekte ve toplam amac fonksiyonu degeri %13 oraninda
iyilesmektedir. Elde edilen bulgular, onerilen ¢ercevenin gercek zamanl hastane lo-
jistiginde duyarhlik, adalet ve verimlilik bakimindan etkili ve 6lgeklenebilir oldugunu
gostermektedir. Geligtirilen yontemlerin farkli operasyonel kogullar, talep gelig hizlari,
tasiyicl filo yapilar: ve robot uygunlugu senaryolari, altinda da bagarili performans
sergiledigi gozlemlenm-igtir. Ayrica bu gerceve, atama politikalari, rota optimizasy-
onu ve otomasyon entegrasyonu arasindaki karmasik etkilegimi dikkate alarak tasiyici
koordinasyonu ve ig yiikii yonetimine dair degerli ¢ikarimlar sunmaktadir. Sonug
olarak bu tez, gercek zamanl hastane i¢i tagimacilik i¢in 6lgeklenebilir, maliyet etkin
ve politika duyarh ¢oziimler sunmakta; akilli hastane lojistigi, otomasyon planlamasi
ve ogrenme tabanli karar destek sistemlerinin saglik hizmetlerine entegrasyonu igin

uygulanabilir oneriler ortaya koymaktadir.
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Chapter 1: Introduction 1

Chapter 1

INTRODUCTION

Effective transportation management serves a pivotal function in modern health-
care delivery systems. According to [Landry and Philippe, 2004], logistics-related
operations represent roughly 46% of a hospital’s operational budget, highlighting
transportation’s significant financial and operational impact within healthcare set-
tings. Furthermore, owing to integrating a growing variety of tests, assessments,
and expert consultations, the landscape of clinical diagnostics is advancing. Conse-
quently, patients interact with an extensive network of medical professionals which
creates complex pathways that require frequent transportation across different hos-
pital departments and services. This aspect is crucial not only for patient mobility
but also for the seamless movement of supplies and equipment essential for daily
operations. Inefficiencies or delays in transportation in such materials can lead
to a cascade of negative outcomes, including underutilization of valuable health
resources, disruption of scheduled services, and a detrimental impact on patient
satisfaction due to the need for rescheduling and extended waiting times. Thus,
an integrated approach to the management of transportation, for patients, supplies
and equipment, with a focus on timely and coordinated movement both within an
individual hospital and across different facilities, is emerging as a vital strategy for
improved delivery of patient care, optimization of resource use, and achievement of
a smoother healthcare delivery system.

Nowadays, advancements in medical technology, the rising volume of patient ad-
missions, and the need for faster diagnostic and treatment processes have rendered
intra-hospital transportation, defined as the transportation of a patient and medical
items between any two services within the same hospital, is crucial for maintaining
smooth hospital workflows. This aspect is of paramount importance in large health-

care facilities since the services are usually distributed among several buildings or
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even a whole campus. Intra-hospital transportation affects whether the hospital can
provide timely and effective treatment. An efficient intra-hospital transportation
system should exist in facilities where departments are widely distributed, necessi-
tating internal departmental visits and inter-building transfers. The coordination of
those movements should be effectively performed to create no bottlenecks delaying
the delivery of treatment, which leads to overloads of resources.

The significance of intra-hospital transportation goes beyond the operational
domain and borders on patient safety and quality of care. Poor transportation
systems in hospitals may lead to delays in critical diagnostics and treatment, which in
turn may culminate in worsening health conditions or leading to missed therapeutic
opportunities. It is actually not only a problem of logistics but also an issue of
patient care activity that requires considerations for safety, comfort, and dignity.

Recent technology advancements have markedly enhanced intra-hospital patient
transportation. Comprehensive scheduling systems, seamlessly integrated with trans-
portation services, are now essential for effective care coordination. The implemen-
tation of technology-driven solutions has improved real-time logistics management,
enabling increased efficiency and flexibility in patient transport. These advances
enable hospitals to flexibly respond to evolving patient care requirements while
embodying overarching healthcare trends centered on innovation, efficiency, and
patient-centric care.

Radio Frequency Identification (RFID) has become an example of technology-
driven innovative solutions in intra-hospital transportation. According to [Awawdeh
and Abu-Shanab, |, "RFID is an emerging technology that is rapidly becoming a
required standard for hospitals and continues to grow in the healthcare industry to
track inventory, positive patient identification, and manage personnel”. The tech-
nology not only dramatically cuts the time and effort of internal logistics, thereby
optimizing operational workflows, but also give the ability to obtain information in
real-time. Their ability to reduce operating costs and minimizing errors contributes
to the efficiency of patient transport within healthcare facilities.

Another advantageous technology that can be incorporated into hospital trans-

portation is Autonomous Mobile Robots (AMRs), which are promising owing to
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their elevated autonomy and capacity to navigate the surroundings [Bernhard et al.,
2023]. As posited in the study by [Rossetti and Selandari, 2001], hospitals need to
thoroughly evaluate the implementation of mobile robots, which are called service
robots, in their delivery systems. Mobile robotic solutions are economically efficient
and can match or surpass the performance of human-operated delivery systems. De-
spite the advantages of using service robots, there are some challenges in integrating
such technologies in the hospital. To shed light on this issue, the interaction between
patients and robots needs careful consideration, since patients may suffer anxiety
from repeated encounters with robots in the medical settings. Furthermore, utiliz-
ing such beneficial technology requires infrastructure, including dedicated lanes and
spaces in the corridors and elevators, in addition to constructing recharging stations.
Additionally, service robots require a resilient telecommunication infrastructure to
provide connectivity and interaction with external elements such as elevators and
smart gadgets [Fanti et al., 2020]. Nonetheless, the advantages of such implemen-
tation in the hospital outweigh the disadvantages. Although the initial investment
for implementation is considerable, this strategy may markedly reduce the number
of delivery personnel required in the hospital, thereby drastically lowering variable
operating expenses and improving overall efficiency.

In this thesis, we treat Real-Time Intra-Hospital Transportation Problem (RI-
HTP) with consolidation of requests by integrating a Deep Q-Learning (DQL) ap-
proach with heuristic algorithms to make robust, real-time, and fast decisions in
the unpredictable and dynamic environment of hospital transportation. The pri-
mary problem is to efficiently assigning and routing porters and service robots in
response to dynamically arriving transportation requests, focusing on minimizing to-
tal travel and service time, balancing the workload of porters while minimizing the
total penalty associated with delays. In contrast to traditional scheduling techniques
which assume full knowledge of transportation requests beforehand, our methodol-
ogy considers the dynamic and stochastic characteristics of transportation requests
where new requests arrive unpredictably throughout the day. This requires real-time
decision-making to enhance fleet utilization while accommodating real-time factors

such as patient priority, porter availability, and hospital-specific workflow conditions.
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To tackle this problem, we utilize a reinforcement learning framework based
in Deep Q-Learning, employing a Bayesian Neural Network (BNN) as a function
approximator. The BNN-based agent predicts expected future rewards for state-
action pairs to facilitate a robust decision-making system under uncertainty. The
model is trained offline to produce near-optimal assignment decisions in real-time.
The decision-making process entails choosing the most suitable porter or robot for
an newly-arrived request, considering the present system conditions and expected
future demand. Furthermore, a heuristic routing algorithm optimizes the routes of
assigned porters and robots, ensuring efficient completion of requests. Together these
methods, DQL-based assignment and heuristic-based routing, provide a scalable and
adaptable solution for complex hospital transportation system.

The remainder of the thesis is organized as follows. Chapter 2 provides a survey of
the related literature. Chapter 3 defines the problem that we have encountered com-
prehensively and introduce the Mixed Integer Linear Programming (MILP) model.
Chapter 4 describes and formulates the intra-hospital transportation. Chapter 5 de-
tails the implementation of the reinforcement learning model, feature engineering,
and heuristic-based scheduling for real-time optimization in addition to the bench-
marks. Chapter 6 provides empirical evidence of the effectiveness of the solution

approach. Chapter 7 summarizes the work and suggests future research directions.
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Chapter 2

LITERATURE REVIEW

Initially, the review address hospital transportation, categorizing it into two main
sections: intra-hospital (within the same hospital) and inter-hospital (between dif-
ferent hospitals) transportation. This segment is crucial as efficient patient trans-
portation directly influences the timeliness and quality of care received, and supports
healthcare professionals in delivering optimal services. Subsequently, attention is di-
rected towards the Dial-A-Ride Problem (DARP), specifically in hospital transporta-
tion, which stands at the core of our investigation. DARP encompasses strategies for
scheduling and routing transportation in a way that aligns with patient needs and
healthcare demands. The discussion is bifurcated into two types of DARP: static,
where transportation requirements are known beforehand, and dynamic, which deals
with requests that arise spontaneously, necessitating real-time solutions. Finally, we
examine the recent papers on applications of autonomous robots as well as RFID

technology in hospitals.

2.1 Hospital Transportation

Patient transport can primarily be classified into two categories, which are inter-
hospital transportation and intra-hospital transportation. Inter-hospital transporta-
tion is the transport of patients from their homes to the hospital or between two
different hospital infrastructures. On the other hand, intra-hospital transportation
is the transport of patients between the different facilities in the same hospital. The
intra and inter-hospital patient transport problems are often studied using the Dial-
A-Ride Problem [Ton et al., 2024]. This is a model whose implications and specific
applications in optimizing the logistics of patient transport is more profoundly pre-

sented in the rest of the literature review. Although there are a lot of similarities,
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there are differences between intra and inter-hospital transportation claims for the
use of proper techniques in the case of every problem. As already explained, the
concept of hospital transportation is extended beyond the movement of patients
and includes the movement of medical equipment, drugs, blood samples, and other
important resources. This elaborated scope allows the significance of logistics in the
healthcare environment to guarantee efficient and timely access to resources as an
integral part of patient service. The current section, hence, is meant to review the
related literature for each of the problems, although more concentrated would be

the problem of intra-hospital transportation.

2.1.1 Intra-hospital Transportation

A centralized patient movement system is important for the intra-hospital trans-
portation process so that the movement of patients and the material that is crucial to
them, including documents, blood samples, and medical supplies, is done effectively
and in a coordinated manner. Therefore, improvement in total flow management
in hospitals dramatically increases their operation efficiency, decreases queues for
diagnostics results, and ensures that all the appropriate information and resources
concerning patient care are distributed to healthcare professionals on time in order
to maximize the outcome of patients and hospital productivity.

To the best of our knowledge, the first centralized patient movement system
referenced is by [Schall, 1988], which proposes for the first time the efficiencies gained
by implementing such a system. The system, which utilizes dedicated personnel
called Patient Movers (PMs) in a strategic way, is thus demonstrated to drastically
reduce patient transport times within health facilities. This pilot study, therefore,
open a path for future research into patient transportation logistics streamlining
within a hospital.

Similarly, there are studies on improving quality, such as [Dershin and Schaik,
1993], which deal with the organizational and staffing aspects of a hospital-wide pa-
tient transport system as a quality improvement measure. The approach is prepared

for a hospital quality improvement program based on a centralized communication
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structure with a queuing model for monitoring the number of people needed. The
inclusion of a digital system for data collection and surveillance details the role of
technology in further increasing the efficiency of the system. As the presented case
study shows, wait time improvements, savings, and customer satisfaction gains can
be substantial and very significant for proper hospital logistics.

In an efficient centralized patient movement dispatch system, [Chen et al., 2005]
proceed to discuss the issues and the procedural requirements. The authors em-
phasize the need for exceptional communication between the clinics, the dispatch
system, and the patient movers. They advocate for technological support, propos-
ing that all patient transport efforts be centralized in one unit to ensure meticulous
monitoring of medical records and patient movements.

In the later part of the 2010s, there is a notable increase in the focus on intra-
hospital transportation. Recent research increasingly focuses on employing advanced
logistical strategies and mathematical modeling to address the complexities of intra-
hospital patient transportation. [Hanne et al., 2009] apply an optimization approach
to relieve the logistical issues that exist in patient transportation within hospitals
in Germany. The study presents the system Opti-TRANS, a comprehensive trans-
portation planning system that robustly improves patient flow through strategic
management of transport requests. This system exemplifies how logistical efficiency
improvements can significantly impact healthcare, advocating for the adoption of
advanced logistical strategies and technological innovations.

Several studies have dealt with this challenge of optimally managing the intra-
hospital patient transportation system toward optimizing system service perfor-
mance and quality. In the work by [Kuchera and Rohleder, 2011], optimization
of staffing schedules for fluctuating requests is performed through a queuing theory-
based modeling of the problem. The study reveals the fact that the maintenance
of service quality requires operational practices to be adaptable to daily and hourly
fluctuations of transportation demands. Furthermore, [Barmann et al., 2024] exam-
ine the optimization of intra-hospital patient transportation scheduling, emphasizing
the difficulty of accommodating time-sensitive and diverse transportation requests

within limited resources. To address the numerous, frequently competing priorities
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in hospital logistics, they construct the issue as a lexicographic optimization model,
whereby urgent, delayed, and non-urgent requests are prioritized in a hierarchical
manner. The authors suggest an exact solution method based on column gener-
ation. Their aim is to prioritize the minimization of delays for urgent requests,
thus reducing overall delays, and ultimately minimizing the total distance trav-
eled. [Hamdi et al., 2024] address the stretcher-based intra-hospital transportation
problem, aiming to reduce appointment delays and unassigned missions. They for-
mulate a mixed-integer linear programming (MILP) model based on real hospital
data, solved via CPLEX, to optimize daily transporter assignments. The objec-
tive combines minimizing cumulative delay and mission cancellations while ensuring
workload balance and synchronization.

[Séguin et al., 2019] draw from this line of inquiry and propose a mixed-integer
program for improved patient transportation efficiencies in hospitals. The method-
ology, using past service call data, has the objective of finding optimal resources to
minimize operational costs and maximize the service level without interfering with
the already scheduled employee shifts. The strength of this study is that it tends
to make advancements in operations that are clearly possible through the use of
advanced mathematical modeling techniques.

The dynamic and complex nature of intra-hospital patient transport is found
to be addressed by technological innovations in scheduling and real-time manage-
ment systems. For instance, in the study by [Beaudry et al., 2010], an adaptive
model for scheduling is designed to make the hospital transport service more flexi-
ble and more responsive, therefore creating a balance between patient convenience
and operational costs. In the area of intra-hospital transport scheduling, [Fiegl
and Pontow, 2009] solve the problem through real-time scheduling with an always-
adjusting decision framework to new requirements for transportation with agility.
This paper highlights the flexibility and benefits of online scheduling systems in
the swift health facility environment and discusses their role in rendering services
more responsive and patient-oriented. Furthermore, [Sun et al., 2025] examine the
inefficiencies in intra-hospital patient transportation systems, specifically the delays

resulting from first-in-first-out assignment strategies that overlook transporter prox-
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imity. To enhance system performance, they devise and execute a proximity-based
transporter-to-request allocation technique, in which each request is scored based
on its time in the queue, clinical priority, and whether a transporter is located in the
same proximity group. Requests with the highest scores are prioritized for assign-
ment. The objective is to minimize overall transport completion times and reduce
the percentage of transports exceeding a 45-minute threshold. This intervention is
developed and assessed utilizing discrete-event simulation (DES) and subsequently
implemented via an established electronic medical record (EMR) system at a ma-
jor university hospital. The methodology integrates simulation-based optimization
with real-world execution, eliminating the need for workforce alterations or external
technologies.

Dynamic patient transportation is operationalized by [Kergosien et al., 2011] at
the Hospital Complex of Tours, France, through the mobilization of demand, which
oscillates daily with the need to be transported by specific vehicles and under a
particular operational protocol. With over 46,000 transportations every year, this
particular approach and the realization of the importance of real-time management
in cost reduction and the transfer of patients in a prompt manner is attributed.
Another work, but an in-depth study using simulation, is performed by [Bozer and
Eamrungroj, 2020] at the University of Michigan Hospital, indicating the operational
inefficiencies related to dispatching and proposing improving strategies. This work
speaks to the needed coordination of dispatching and equipment management to
support a well-functioning patient flow in hospitals.

Moreover, the recent attention to managing transport requests in real-time, dis-
cussed by [Ton et al., 2024], raises the importance of advanced scheduling and
rescheduling strategies toward improving hospital logistics. The paper describes
an advanced real-time management approach for intra-hospital patient transport
requests using a Parallel Machine Scheduling Problem with Sequence-Dependent
Setup Times (PMSP-SDST). Its solution involves a constructive heuristic for initial
scheduling, a local search heuristic for constant improvement, and dynamic policies
for rescheduling, all tested with intensive simulations for optimal patient flow and

resource utilization within hospital settings. This paper, therefore, makes impor-
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tant progress in the use of real-time data and mathematical modeling for patient
transportation optimization.

Sharing of strategic capacity among services helps improve efficiency and re-
sponse in emergency medical services, as integrated by [Kergosien et al., 2023]. The
routing and scheduling aspect of this problem is addressed by [Turan et al., 2011],
who take into consideration this unique characteristic of intra-hospital patient trans-
portation, so as to cater for the travel and preparation times crucial for patient care.
The emphasis here is on ensuring that porters are effectively used within the oper-
ational framework of the hospital.

Finally, studies by [Elmbach et al., 2015] and [von Elmbach et al., 2019] address
the ergonomic aspect of patient transportation, which highlights the importance of
decreasing physical pressure on porters. These studies integrate ergonomic consid-
erations into logistical planning so as to promote a healthier work environment and

make improvements with operational efficiency.

2.1.2 Inter-hospital Transportation

In our research, we primarily focus on intra-hospital transportation, meaning the
logistics of moving patients inside a single healthcare facility. Nonetheless, we also
present the review of literature on inter-hospital transportation with the intention to
make the topic clearer and to point out the principal differences between inter and
intra-hospital transportation. as we mentioned before, inter-hospital transportation
consists of the transport of patients from their homes to the hospital or between
two different hospital infrastructures. More specifically, inter-hospital transporta-
tion consists of moving patients to and from their residences to healthcare facilities
(outbound requests) or from the healthcare facilities to their residences (inbound
requests). This process is intended to be focused mainly on the transfers that take
place between the patients’ homes and hospitals and vice versa.

The genesis of advances in the field of patient transportation logistics is the
development of strong optimization models that would be the basis for overcoming

challenges that are highly intricate in providing the effective and safe transportation
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of patients. In particular, papers by [Téth et al., 2024] and [Detti et al., 2017] em-
phasize the novelty in mixed-integer linear programming (MILP) models that are
expected to bring significant uplift in the efficiency and cost-effectiveness of non-
urgent patient transport systems. The work of [Téth et al., 2024] in introducing
a MILP model is commendable not only for the ambitious levels of vehicle utiliza-
tion, the number of patients to serve, and the total number of kilometers traveled,
but also for considerations based on the nuanced needs of an oncoming diversity
of patient demographics, a critical analysis based on the aging populations glob-
ally. The work of [Detti et al., 2017] advances the Multi-Depot Dial-A-Ride Prob-
lem (MTDARP) by integrating heterogeneous vehicles with complex patient-vehicle
compatibility constraints for the first time. This innovation marks a significant step
forward, aligning logistical efficiencies with the crucial aspects of patient safety and
comfort. In the work by [Molenbruch et al., 2017b], this optimization is formulated
through a combination of restrictions in ride-sharing based on health safety and
restrictions due to patient-specific needs. It is reported, in the case of the study of a
Belgian transportation provider, that tailors transportation logistics and systematic
organization of routes can greatly enhance efficiency and safety in the delivery of
non-urgent hospital transport services. All of these models demonstrate approaches
of deep analytics toward the optimization of healthcare logistics while emphasizing
the need to include flexibility and responsiveness to patient needs in such frames.
Beyond the core optimization models, the development of the associated algo-
rithms is the most fertile ground for innovation and the development of solutions
to the highly computational aspects of coordinating patient transportation logistics.
Research efforts pursued by [Qu and Bard, 2015], [Zhang et al., 2015], and [Luo
et al., 2019] represent the state of the art in algorithmic methods that have been
crafted to enhance the scheduling, routing, and overall management of healthcare
transportation services. The development by [Qu and Bard, 2015] of a branch-and-
price-and-cut algorithm for vehicles with configurable capacities denotes a concerted
strategic approach toward enhancing the efficiency of patient transport operations.
In a related manner, the research by [Zhang et al., 2015] in which they develop
a memetic algorithm for the Multi-Trip Dial-A-Ride Problem (MTDARP) repre-
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sents not only the improvement in operational efficiency but also proposes a novel
framework for navigating the complexity of constraints related to patient transporta-
tion. Moreover, the two-phase branch-and-price-and-cut algorithm of the innovative
model by [Luo et al., 2019] for the Extended Realistic Dial-A-Ride Problem (ER-
DARP) underlines that even more detailed features regarding the patient requests
and vehicle travel optimization are taken into consideration, making a huge leap
in the development of algorithms. These advances underline the potential transfor-
mation that algorithmic solutions bring toward the redefinition of the standards of
efficiency and responsiveness in healthcare logistics.

The translation of theoretical research into actionable strategies within health-
care systems represents a critical milestone in the movement toward operational
efficiencies in patient transportation logistics. The works of [Lim et al., 2017],
[Chane-Hai et al., 2020], [Kiechle et al., 2007], and [Melachrinoudis et al., 2007],
which are focused on implementation, are just a few shining examples of how aca-
demic research can be marshaled to realize practical gains in healthcare delivery.
[Lim et al., 2017] design a model for vehicle and healthcare staff scheduling in the
Hong Kong public healthcare system. This model is very comprehensive and can
achieve the twin targets of maximum service coverage and minimum operational
costs. Another similar example is that of [Chane-Hal et al., 2020], which deals
with the non-urgent patient transportation problem using a Multi-Trip Dial-A-Ride
framework. They find a balance between the much-appreciated, patient-centered
care and cost-efficient operations. The innovative technique they apply, truly based
on the reality of the patient transportation logistics landscape, enables the realiza-
tion of the profound impacts that research can make on enhancing the everyday
experience for the patient and healthcare provider.

In their paper, [Kiechle et al., 2007] look at this problem by studying the man-
agement of a fleet by the Austrian Red Cross for both regular and emergency patient
transfers within a non-profit framework. The paper deals with the issue of maintain-
ing solid scheduling in the face of the unpredictable demands of emergency services,
which, in turn, require sudden, dynamic reallocation of vehicles. The assumptions

here are that the fleet is able to meet both regular as well as emergency needs on an
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efficient basis and that vehicles can be reassigned quickly post-emergency use. An-
other paper, [Melachrinoudis et al., 2007], studies optimization strategies for CAB
Health and Recovery Services, Boston, on efficient management of client transporta-
tion. Its main focus is on minimizing transportation costs and client inconveniences,
such as excessive ride times, by operating under assumptions of predictable vehicle
availability and pre-scheduled client times. The study includes a case study com-
paring the benefits of centralized dispatch against independent scheduling, thereby
highlighting the practical significance of theoretical models in enhancing healthcare
logistics and patient transportation services.

Together, these comprehensive studies of inter-hospital and intra-hospital trans-
portation represent multidimensional problems and solutions necessary to ensure ef-
ficient, timely, and patient-centered transportation between the different healthcare
facilities. These studies obviously highlight an interface between logistical efficiency
and quality of care: centralized systems, improvements in quality, strategic manage-
ment, and adaptive planning of schedules, highlighting the importance of innovative
logistical solutions. In short, this body of work emphasizes the dynamic interaction
of all aspects of healthcare logistics and repeats the importance of the role played
by transportation in the improvement of hospital operations and other logistics in
the general healthcare delivery system. In the next part of our discussion, we will
thoroughly examine the Dial-A-Ride problem (DARP), delving into its complexities

and applications in the context of hospital transportation.

2.2 Dial-A-Ride

In this section, we conduct a thorough literature review on the Dial-A-Ride Problem
(DARP) to include its static and dynamic aspects to bring out its fundamentals and
the methodologies being developed over time. Our search cuts across the DARP ap-
plications and focuses on how this problem has been addressed in varied ways within
the transportation logistics domain. Thereafter, we narrow our focus to the area
of DARP implementation in the context of hospital transportation. This particular

area of study is crucial for improving efficiency and responsiveness in healthcare
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logistics, where timely and reliable transportation can significantly impact patient
care and operational efficacy. By examining DARP within hospital transportation,
mostly patient transportation, we aim to uncover insights into the challenges and
solutions that researchers and practitioners have identified, emphasizing the adap-
tations and innovations required to address the unique needs of healthcare facilities
and patient services.

The Dial-A-Ride Problem is one of the landmark problems in transportation
logistics research. According to [Cordeau and Laporte, 2003a], a Dial-A-Ride system
is a type of collective transportation that depends on demand. Each user requests
a trip between an origin and a preferred destination, which is coupled to a set of
service level requirements. The service provider aims to optimize vehicle routes
and schedules while adhering to technical limits for collection and delivery [Parragh
et al., 2006].

Nonetheless, a standard definition of DARP is proposed by [Cordeau and La-
porte, 2003b]. The problem involves creating a number of low-cost vehicle routes
in a complete graph of nodes and arcs, assuming that all customer requirements
are met. Nodes relate to users’ pickup and delivery locations, supplemented by the
vehicle depot. Each directed link between two nodes is represented by an arc, which
has a travel time and an associated cost if it is part of the solution. Each route
begins and ends at the depot at predetermined time intervals and has a maximum
route duration. For those users served in between, service at each location begins
within a time window. The maximum user ride time and a vehicle’s load cannot
exceed its capacity. To create an accurate physical route, users should visit their
origin and destination in the correct order and with the same vehicle. A service
duration is the time required to load and unload users.

In DARP, the goal is to minimize operational costs while satisfying demand
and meeting side limitations. However, service level requirements can also be op-
timized. Balancing human and economic views in DARP solutions is crucial for
providing excellent and efficient transportation for users with specific requirements,
including door-to-door services for the elderly and disabled. The Dial-A-Ride sys-

tems are becoming increasingly popular in light of the ageing population. They
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also serve a social function by reducing the isolation of vulnerable groups in society.
As demand grows, however, service providers struggle to manually create vehicle
routes and schedules. Planning algorithms are necessary to maintain cost efficiency
and service quality [Molenbruch et al., 2017a]. Major contributions to the signif-
icant foundational work on DARP are by [Psaraftis, 1980], [Psaraftis, 1983], and
[Desrosiers et al., 1986], who develop dynamic programming algorithms to achieve
optimal solutions in scenarios that involve a single vehicle. Their pioneering contri-
butions have been majorly influential in further developments, such as broadening
our understanding of dynamic routing problems that eventually led to innovations
in public and specialized transportation services.

The distinction between static and dynamic Dial-A-Ride Problems could be ar-
ticulated as follows: A DARP is considered static (off-line) when all the information
required to make the decisions lies within the reach of the planner before operations
actually start. In such a case, although decisional data may evolve with time, one
supposes the planner to be capable of elaborating an exhaustive plan to serve a given
user base during the planning horizon. Such a global strategy, which can be mate-
rialized as a set of routing guidelines or a list of designated routes and schedules,
is predetermined and will not be changed after being applied. On the other hand,
the problem is called dynamic (online) when, under the progress of operations, the
appearance of information that was not foreseen and the plan may be altered in light
of this new information. The problem is, for example, called dynamic if the planner
can re-update the existing plans due to the appearance of new users, the changes in
available information about current users, or because of unexpected events such as
delays and vehicle breakdowns. The measure to which plans can be adapted to the
light of new or developing information captures the dynamic feature of the DARP
[Ho et al., 2018].

The majority of research on the DARP has been focused on the static variant of
the problem, in which all user requests are known ahead of time, and vehicle routes
are planned accordingly.

Several studies employ exact methods to solve DARP optimally. Initially, exact

solutions were derived via pure dynamic programming [Psaraftis, 1980, Psaraftis,
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1983, Desrosiers et al., 1986]. Furthermore, [Cordeau, 2006] and [Ropke et al.,
2007] present exact formulations of the Dial-A-Ride Problem (DARP) and introduce
branch-and-cut algorithms to find optimal solutions. Column generation, nested
within a Branch-and-Price framework, is one of the most effective exact approaches
identified in the literature for dealing with the DARP and its different variants. Sev-
eral studies, including [Bard and Jarrah, 2013], [Barmann et al., 2024], [Gschwind
and Irnich, 2015], and [Bettinelli et al., 2011], utilize this algorithm. Nonetheless,
since the DARP is an NP-hard problem [Baugh Jr et al., 1998|, the majority of
problems of practical size are addressed utilizing approximate solution methods.
This classification emphasizes the enormous computing hurdles associated with de-
veloping efficient DARP solutions. For the static Dial-A-Ride Problem (DARP),
metaheuristic techniques, particularly Tabu Search, are among the most effective
solution strategies. Tabu search is versatile and effective in addressing the Dial-A-
Ride Problem as shown in [Cordeau and Laporte, 2003b], [Aldaihani and Dessouky,
2003], and [Melachrinoudis et al., 2007], among others. Building on the foundational
techniques, [Toth and Vigo, 1996] propose an insertion procedure, which was later
improved by a Tabu thresholding algorithm proposed by [Toth and Vigo, 1997] to
refine initial solutions. Exploring alternative heuristics broadens the scope of strate-
gies against DARP’s challenges, with simulated annealing and genetic algorithms
making significant contributions, as evidenced by the work of [Baugh Jr et al., 1998]
and reflected in studies by [Uchimura et al., 2002] and [Jorgensen et al., 2007].
Early research on DARP primarily concentrated on its dynamic aspect, as high-
lighted in seminal works by [Wilson et al., 1971] and [Wilson and Colvin, 1977].
Despite the initial focus, the dynamic variation of DARP has not received as much
attention as its static cousin in recent years. The insertion algorithm developed by
[Madsen et al., 1995], inspired by the foundational work of [Jaw et al., 1986], marks
a significant advancement by applying this method to handle a complicated, real-
world dynamic DARP with multiple objectives. Building on these achievements,
[Coslovich et al., 2006] introduce a revolutionary two-phase insertion technique to
speed the process of reviewing user requests, thus facilitating rapid decision-making

regarding acceptance or rejection.
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In experimental studies, dynamic DARPs are frequently examined through sim-
ulation models in which decisions influence subsequent system states [Hall et al.,
2015, Quadrifoglio et al., 2008]. Numerous studies emphasize the accommoda-
tion of new user needs as the main driver for the replanning process [Hanne et al.,
2009, Berbeglia et al., 2012, H&ll and Peterson, 2013]. Nonetheless, certain studies
investigate alternate triggers, like vehicle breakdowns or driver rest periods [Beaudry
et al., 2010].

In dynamic environments, where conditions can change quickly, the need for
faster algorithmic response times becomes critical, distinguishing operational re-
quirements from those in static contexts, where algorithms can operate for extended
periods of time. To meet this desire for speed, parallel computing emerges as an
intuitively appealing alternative, utilizing the capacity of numerous processors to do
computations concurrently, dramatically lowering overall computing time. In this
vein, [Attanasio et al., 2004] make a substantial contribution by offering various
parallel variants of the Tabu Search algorithm first proposed by [Cordeau and La-
porte, 2003b]. This unique adaptation illustrates a purposeful shift toward using
computational advances to improve the responsiveness and efficiency of solutions in
the continually shifting terrain of DARP challenges.

For a detailed examination of various solution strategies and their implementa-
tions, we direct readers to the surveys conducted by [Ho et al., 2018],[Molenbruch
et al., 2017al, and [Cordeau and Laporte, 2007].

2.2.1 Dial-A-Ride in Hospital Transportation

The problem examined in this study falls under the general area of pickup and
delivery challenges, notably the Dial-A-Ride Problem (DARP). DARP plays an
important role in improving hospital transportation systems, which has a substan-
tial impact on patient care quality and operating efficiency. By optimizing vehicle
scheduling and routing for hospital transfers, DARP allows healthcare organizations
to manage their transportation resources better, ensuring that patients and medi-

cal suppliers are moved quickly and safely across departments or hospital networks.
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This optimization is critical for minimizing patient wait times, which has a direct
impact on patient satisfaction and the overall treatment experience. Furthermore,
strategic adoption of DARP solutions aids in the reduction of transportation costs
and the optimum utilization of available porters, which is especially significant in
resource-constrained healthcare settings.

According to [Ho et al., 2018], using DARP in intra-hospital transportation ef-
ficiently handles the complicated logistics of transferring patients, supplies, and
equipment, addressing specific healthcare constraints, and prioritizing care require-
ments. The DARP distinguishes itself from traditional pickup and delivery scenarios
by emphasizing the least amount of inconvenience experienced by users. This aim
is often met by limiting each user’s travel time (the amount of time spent in the
vehicle), the additional ride time (the difference between the actual and shortest
possible ride time for a user), and any deviations from recommended pickup and
delivery times. Balancing service quality improvement against the reduction of fleet
operational expenditures is critical, with the latter encompassing issues such as the
number of porters used, the total duration of routes, and the cumulative distance
covered. [Beaudry et al., 2010].

The papers [Melachrinoudis et al., 2007], [Kiechle et al., 2007], and [Hanne et al.,
2009] are among the first to examine the DARP in patient transportation, both
within and between hospitals, setting the groundwork for future research in this
area. Their pioneering work has made a substantial contribution to the development
of DARP applications in healthcare settings, highlighting the potential for efficient
transportation logistics to improve patient care and hospital operating efficiency.

Several studies on Static Dial-A-Ride Problem applications in hospital trans-
portation offered separate but complementary techniques. [Molenbruch et al., 2017b]
and [Melachrinoudis et al., 2007] investigate DARP in terms of patient comfort
and cost efficiency. [Molenbruch et al., 2017b] use a Multi-directional Local Search
(MDLS) algorithm in a Variable Neighborhood Descent (VND) framework to im-
prove patient transportation logistics by combining limits for health safety and
specialized medical demands. A case study with a Belgian transportation service

demonstrates the efficiency of this technique. [Melachrinoudis et al., 2007] examine
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a static DARP model, offering a double request Dial-A-Ride model with soft time
windows targeted at minimizing transportation expenses and customer discomfort
for CAB Health and Recovery Services, Inc. Both studies emphasize the value of per-
sonalized logistical techniques that address unique operational and patient-centered
restrictions.

[T6th et al., 2024] uses the DARP framework to improve patient transportation
logistics to hospitals in non-urgent circumstances. It presents four Mixed-Integer
Linear Programming (MILP) models that optimize the routing of a single vehicle
by minimizing travel distance while adhering to patient-specific constraints such as
journey durations and vehicle capacity. The models are evaluated using real-world
situations and a commercial solver, with results demonstrating varying efficiency
among the models, pointing to possible advances in integrating public transportation
affordability with the convenience of private taxi services.

Moreover, The Multi-depot Dial-A-Ride problem (MD-DARP) model developed
by [Detti et al., 2017], employing a Mixed Integer Linear Programming (MILP)
approach, efficiently optimizes the non-emergency transportation of patients using
heterogeneous vehicles, considering compatibility constraints and operational re-
quirements, which significantly improves real-world patient logistics.

[Zhang et al., 2015] and [Chane-Hai et al., 2020] use DARP to effectively sched-
ule non-emergency transportation services. [Zhang et al., 2015] addresses the Multi-
Trip Dial-A-Ride Problem (MTDARP), improving ambulance logistics by permit-
ting multiple trips per shift while handling constraints such as time windows, route
lengths, and obligatory disinfection periods between rides. In contrast, [Chane-Hal
et al., 2020] create a mathematical model concentrating on a Multi-Trip Dial-A-Ride
Problem, where each patient’s transportation is separated into morning and evening
trips connected by a maximum daily ride time limit, seeking to minimize both cost
and excess travel time. These studies show novel approaches to improving service
quality and operational efficiency using careful scheduling and shared constraints.

Dynamic Dial-A-Ride Problems, on the other hand, pose particular problems
in hospital transportation because of their real-time operating demands. Several

researchers have made major contributions to tackling these difficulties using novel
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methods and approaches. [Hanne et al., 2009] explores intra-hospital patient trans-
portation in the German healthcare system, creating Opti-TRANS. This transporta-
tion planning system employs a dynamic Dial-A-Ride approach to manage the logis-
tical complexities of patient transport demands, resulting in significant operational
gains and strategic enhancements to patient care quality through logistical innova-
tion.

In an analogous method concentrating on the real-time demands of patient trans-
portation, [Kergosien et al., 2011] use a dynamic DARP formulation at the hospital
complex of Tours. This work uses a Tabu Search algorithm with adaptive memory
to dynamically improve transportation logistics, efficiently managing unexpected
transportation demands by prioritizing urgent requests and including vehicle disin-
fection times.

[Kiechle et al., 2007] investigates the dynamic DARP within the Austrian Red
Cross, which addresses both regular and emergency patient transportation demands.
Their research emphasizes the significance of a flexible and dynamic scheduling sys-
tem that can adjust to vehicles’ unexpected disappearance and reappearance, in-
tending to balance routing costs and emergency service response times.

[Luo et al., 2019] suggests a mathematical model to optimize patient transporta-
tion. Their adaptation of the Realistic Dial-A-Ride Problem (R-DARP) includes a
two-phase branch-and-price-and-cut strategy that accounts for dynamic operational
constraints such as time windows and changeable vehicle capacity. This strategy
efficiently prioritizes transportation requests while shortening trip durations, out-
performing earlier strategies, especially in the dynamic hospital transportation sce-
nario.

Finally, in [Beaudry et al., 2010], a dynamic DARP model is improved for hos-
pital settings, taking into account various logistical elements like patient isolation,
disinfection processes, and heterogeneity in vehicle fleet management. Their two-
phase technique, which includes initial request insertion and Tabu Search-based
optimization, exemplifies developments in dynamic scheduling tactics for increasing

the efficiency and responsiveness of hospital patient transportation systems.
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2.3 Applications of Autonomous Robots in Hospitals Transportation

The incorporation of ARs into healthcare presents a significant potential for ad-
dressing challenges related to patient transportation, drugs delivery [Sgraa and Fos-
tervold, 2021, BaclK et al., 2017]. This robots has the potential to reduce wait
times, enhance patient safety, minimize the spread of disease, increase staff produc-
tivity, substantial cost savings and redefines the landscape of modern healthcare
[Marmaglio et al., 2023, Khalid et al., 2021, Holland et al., 2021]. One example of

such robots is illustrated in Figure 2.1.

Figure 2.1: (Color online) A service robot designed by FDATA for delivering supplies
efficiently and safely in the hospital [Fdata Co., 2025].

Although utilizing ARs in delivery is a relatively new concept, many studies of re-
search have been undertaken on the application of robots for daily delivery requests
(see, e.g., [Ermagan et al., 2023, Jeong and Moon, 2024, Yu et al., 2020]). Nonethe-
less, the research on optimization of transportation systems integrated with ARs,
especially AMRs, is relatively limited. Some of the papers that have directly ad-

dressed the optimization of the transportation system within hospitals using robots
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are as follows.

[Cheng et al., 2023] and [Fanti et al., 2020] examine route planning for hetero-
geneous service robots. [Cheng et al., 2023] take heterogeneous service robots with
battery consideration into account in Singapore Changi General Hospital. They
consider a stochastic mixed-integer programming model with the aim to optimize
the routes for charging and service requests, including medication distribution, meal
deliveries, and waste collection. The findings demonstrate that the efficient use of
service robots may substantially decrease total hospital expenses while satisfactorily
fulfilling medical needs. Likewise, [Fanti et al., 2020] emphasize the optimization
challenges in integrating robots for in-hospital drug delivery, focusing on efficiency
and minimizing human involvement. They use a Dynamic Pickup and Delivery
Problem model, resolved by a rolling horizon technique integrated with a column
generation (CG) algorithm. The article reports a reduction of around 35% in travel
distance, hence improving operational efficiency while maintaining service quality.

In the study by [Jin et al., 2021], a novel mixed refilling model combining a
multiple steps traveling salesman problem model (MTSPM) and a vehicle routing
problem model (VRPM) are proposed to optimize the refilling routes in medical lo-
gistics systems. This model is tested under two scenarios, temporary replenishment
mode (TRM) and concentrate replenishment mode (CRM). Using Ant Colony Opti-
mization (ACO), results indicate substantial reductions in route durations, achieving
32.18% and 58.32% in temporary and concentrate replenishment modes, respectively.

Furthermore, [Bernhard et al., 2023] and [Aziez et al., 2022] focus on the fleet
management and sizing of robots in hospital settings. In order to determine the op-
timal fleet size that balances operational costs and workload efficiency in operating
room wings (OR wings), [Bernhard et al., 2023] present Autonomous Self-Navigating
Robotic OR Assistance (AURORA), focusing on managing a fleet of homogeneous
robots that are tasked to execute generic delivery tasks within the non-sterile areas
of operating room wings (OR wings). This study utilizes simulation to evaluate
150 scenarios, including diverse fleet compositions, robot velocities, and workloads,
based on the real arrangement of a German university hospital’s OR wings. Building

on these insights, [Aziez et al., 2022] introduce a fleet sizing and routing problem
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with synchronization for Autonomous Guided Vehicles (AGVs) with dynamic de-
mands (FSRPS-AGV) to optimize the number and types of carts and AGVs needed
to execute all daily requests within a hospital. This problem handles different re-
quests consisting of several pickup and delivery tasks with operation synchronization
among the tasks of the same request and movement synchronization with respect to
AGVs and carts. The authors propose an even-based rolling horizon approach with
Adaptive Large Neighborhood Search (ALNS). The research indicates that minor
adjustments in scheduling limitations and less conservative speed estimations might
provide substantial enhancements in performance and cost reductions, therefore in-
creasing the efficiency and quality of patient care in hospital logistics.

Furthering the discourse on fleet management, [Guzman Ortiz et al., 2021] out-
line the development of a Fleet Management System (FMS), incorporating a routing
engine, task scheduler, Endorse Broker, controller, and backend API. This research
seeks to optimize logistics operations in a practical hospital environment by the
strategic planning and management of task execution with a fleet of mobile robots.
Task allocation and trolley loading challenges are addressed by Integer Linear Pro-
gramming (ILP) for smaller problem sizes and a Genetic Algorithm (GA) for larger
scales, with dynamic path planning identified as a significant obstacle, validating
the importance of using robots in hospitals.

Lastly, [COURIER, 2000] leverages simulation to analyze the cost and perfor-
mance trade-offs associated with deploying a fleet of robotic couriers in hospital
settings, particularly for clinical laboratory and pharmaceutical delivery. The simu-
lation results indicate that the robotic fleet not only meets but substantially improves
performance, decreasing turnaround times by 34% and delivery variability by 38%.

The aforementioned studies support the integration of robots into hospital op-
erations, which can not only make improvements in operational efficiency but also
reduce operational costs. Despite the contributions of the papers in this domain, to
the best of our knowledge, the deployment of service robots alongside humans in the
optimization of intra-hospital transportation has not been studied comprehensively,
identifying areas for further research.

For additional information surrounding integrating robots in the hospitals, please
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see [Cruz et al., 2024].

2.4 Impacts of RFID Technology on Healthcare Logistics and Patient

Care

Healthcare professionals face significant challenges in mitigating adverse events and
improving patient safety [Yao et al., 2010]. Adverse events refer to complications
arising during a patient’s hospitalization that are unrelated to their prior disease
[Martinez Perez et al., 2018]. Such circumstances can produce substantial conse-
quences for patients, their families, and the healthcare system. Implementing trace-
ability, which involves tracking information from origin to delivery, can enhance
patient safety. In healthcare, this involves the accurate identification of patients,
medications, and their interactions, thereby reducing adverse events and improving
overall treatment outcomes.

Radio Frequency Identification (RFID) technology provides an efficient approach
for real-time tracking and automatic identification of patients and medications,
thereby reducing errors and improving patient safety. RFID is a technology that
uses radio waves for the efficient, automatic, and real-time collecting and transfer of
data, eliminating the need for human engagement. This technology, whether utilized
independently or alongside other technologies, has been seen as an opportunity to
mitigate issues that threaten public health or to enhance its management [Profetto

et al., 2022].
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Figure 2.2: (Color online) An RFID system consists of an RFID reader that receives
data from one or several tags and transfers this information to a host system. [Pro-

fetto et al., 2022].

According to [Profetto et al., 2022], RFID devices vary in electromagnetic trans-
mission configurations tailored for specific applications, comprising components such
as RFID tags, readers with antennas and transceivers, and host systems or connec-
tions to business systems (Figure 2.2). The tags, embedded with electronic circuits
and antennas, attach to items and carry unique identifiers alongside memory that
stores product-related data. The RFID reader retrieves and decodes data from tags,
interacting via RF waves facilitated by its antenna, and can both read from and
write to tags. This data management is handled through software that coordinates
the reader and tag operations and stores information in databases [Kumari et al.,
2015]. The system connects to host computers or middleware, linking the RFID
setup with organizational systems [Camacho-Cogollo et al., 2020]. Tags come in
active, passive, and semi-passive forms [Kumari et al., 2015]. Active tags, which in-
clude sensors and have their power sources, boast large memories and operate over
longer distances but are costlier and bulkier. Passive tags, powered by the reader’s
magnetic field, are cheaper, lighter, and smaller, yet have limited range and storage
capacities. Semi-passive tags, powered by batteries, remain dormant until activated

by the reader, prolonging their lifespan [Camacho-Cogollo et al., 2020].
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RFID technology in hospitals significantly enhances operational efficiency and
patient safety. Real-time locating systems (RTLS) monitor the movements of pa-
tients, personnel, and equipment, guaranteeing the efficient utilization of medical
resources and their availability when required. RFID is crucial for managing med-
ical inventories, reducing equipment theft or loss, and improving the accuracy of
medical procedures by ensuring that the correct tools are available at the exact lo-
cation and time. Moreover, RFID technology reduces medical errors in operating
rooms by tracking surgical supplies and instruments, improves patient identification
processes to minimize medication errors, and aids in infection prevention and con-
trol by monitoring changes in wound conditions through advanced sensors [Profetto
et al., 2022].

Recent breakthroughs in RFID technology have profoundly influenced hospital
logistics and patient care. In their study, [Bochem et al., 2022] develop a comprehen-
sive RFID system alongside a smartphone application to enhance the management
of medical devices in hospitals that allows medical personnel to quickly locate, re-
serve, and manage medical equipment. Moreover, [Geary et al., 2022] evaluate the
implementation of RFID technology in enhancing the transport of critical laboratory
samples in a hospital, using the CUBE socio-technical systems analysis. Their re-
sults demonstrate that RFID has improved the reliability and traceability of sample
transport. [Ruan et al., 2018] illustrate how Hartford Hospital in the United States
employs passive RFID tags for the identification of telemetry transmitters and crit-
ical care items like prefilled syringes and beds. This RFID integration markedly
enhances the rapid identification of surgical instruments, hence improving patient
safety and minimizing repair durations. Furthermore, [Chit et al., 2021] exam-
ines the utilization of RFID in specimen logistics to improve the tracking of blood
tubes and guarantee the precision of environmental conditions throughout trans-
port, which results in increased operational efficiency. Similarly, [Tsai et al., 2019]
create an RFID-based system utilizing location-based services for continuous, real-
time monitoring of medical equipment. The designed system significantly improves
the accessibility and utilization of hospital resources. These examples collectively

demonstrate the transformative potential of RFID technology in enhancing hospital
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operations and elevating the quality of patient services.

Despite all the advantages brought by RFID technology to the hospital sys-
tem, before the implementation of an RFID-based smart hospital system, several
limitations regarding the use of RFID technology in hospital settings must be ac-
knowledged. According to [Haddara and Staaby, 2018], the first constraint to be
considered is that RFID may produce electromagnetic interference (EMI) with spe-
cific medical devices, potentially compromising patient safety in certain hospital
environments. Medical devices may disrupt the accurate reading of RFID tags due
to electromagnetic interference (EMI) or the presence of substantial metallic ob-
jects. Furthermore, implementing such a system poses concern in the security and
privacy of data [Munoz-Ausecha et al., 2021]. This integration raises vulnerabilities,
including unauthorized access and data tampering, that threaten the confidentiality
and integrity of sensitive medical information. These vulnerabilities must be rigor-
ously addressed through enhanced security protocols and privacy safeguards, such as
advanced encryption, strong authentication, and privacy-enhancing technologies, to
ensure the safe deployment of RFID technologies in healthcare settings [Abdulghani
et al., 2022].

2.5 Comparison of Our Study with Related Studies and Our Contri-

butions

The literature review on real-time intra-hospital transportation presented in the
previous section underscores critical gaps where most recent studies seem to have
sacrificed optimal responsiveness and efficiency in hospital transport systems. A
notable limitation is that the majority of existing research focuses solely on pa-
tient transportation. However, other items that are routinely transported as part of
the hospital’s daily operations, such as medications, paperwork, and other kinds of
medical supplies, are not handled with the same level of caution. Moreover, most
studies have focused primarily on two objectives: minimizing costs or travel times
and enhancing patient satisfaction. However, a clear and significant gap exists in

considering fairness among hospital porters. Addressing this aspect could help bal-
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ance porters’ workloads, fostering a more productive work environment where staff
are engaged and discrimination is actively mitigated. Additionally, the literature
highlights a lack of effective penalty functions for delays. Most research merely in-
corporates time windows for each request, which may fail to capture the complexities
of real-world operations, particularly in large urban hospitals. One of the compli-
cating aspects is formulating specific time windows poses significant complications.
Moreover, due to hospitals’ inherent need to fulfill all requests without refusal, this
can lead to infeasible solutions and increasing the number of workers. Therefore,
this assumption may be unrealistic.

Another significant gap in the literature is the lack of study targeting the incorpo-
ration of service robots into hospital transportation systems and the enhancement
of their operations. Service robots have the potential to enhance efficiency and
reduce human labor. Nevertheless, their application in intra-hospital logistics re-
mains largely unstudied. Furthermore, most studies do not include consolidation,
wherein a porter or service robot can simultaneously handle many transportation
requests rather than completing one before starting another. This limitation may
lead to inefficient scheduling, increased delay time, and suboptimal resource utiliza-
tion. Finally, whereas optimization methods in this field often rely on either exact
or approximate solution methods, there has been a research gap into the applica-
tion of Reinforcement Learning (RL) for real-time decision-making in intra-hospital
transportation. Reinforcement learning techniques have considerable adaptability
and scalability, particularly in dynamic environments characterized by high uncer-
tainty. Addressing these issues could significantly improve the timeliness, efficiency,
and automation of intra-hospital transportation systems.

So, the contributions we hope to make in this thesis are as follows:

e We present a comprehensive mathematical formulation for the static version of
the intra-hospital transportation problem that explicitly integrates both ser-
vice robots and human porters, considering diverse and complex transporta-
tion requests and specific recharging requirements for robots. Unlike previous

models, our approach uniquely incorporates detailed characteristics of differ-
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ent request types, including on-demand patient transportation, scheduled pa-
tient transportation, medical supplies, medical equipment, and administrative
documents, allowing for a realistic and holistic representation of hospital op-

erations.

e We introduce an effective workload balancing mechanism designed specifically
to enhance job satisfaction among porters and reduce potential operational
discrimination. This consideration is pivotal in practical hospital settings, as
equitable distribution of tasks is known to directly impact employee motivation

and service quality.

e We implement a novel convex, non-decreasing delay penalty function, tailored
specifically to address the urgency and criticality of different request types. By
doing so, our model accurately reflects the real-world implications of delays
within hospital transportation, emphasizing the urgency and prioritization in-

herent in patient care contexts.

e Our research introduces a novel hybrid solution approach, combining advanced
heuristic methods with Deep Reinforcement Learning (DRL). Specifically, we
develop a two-phase framework that separates initial assignment decisions and
subsequent routing optimization, leveraging Bayesian Deep Q-Learning in the
first phase to dynamically and robustly handle real-time assignment decisions,
followed by heuristic routing strategies, including Best Insertion and Adap-
tive Variable Neighborhood Search (AVNS), to efficiently address the routing

problem in the second phase.

e Our study introduces a novel hybrid intra-hospital transportation system that
integrates both Autonomous Mobile Robots (AMRs) and human porters within
a unified operational framework. Unlike prior work that focuses exclusively on
either automated or manual systems, we explicitly model and optimize the co-
ordinated use of both agents. This hybrid structure leverages the efficiency and

consistency of AMRs for standardized tasks while preserving the adaptability



Chapter 2: Literature Review 30

and patient-centered capabilities of human porters. Furthermore, the incorpo-
ration of Radio Frequency Identification (RFID) technology enables real-time
tracking and dynamic dispatching, significantly enhancing the responsiveness

and reliability of the system.

e We address consolidation by allowing transporters to handle multiple requests
simultaneously without stringent sequence constraints, thus significantly im-
proving operational efficiency and reducing unnecessary movements. This fea-
ture is particularly novel, enhancing flexibility and resource utilization within

the transportation system.

Appendix A provides a comparative literature analysis according to some key
characteristics, which helps to clarify the research gap and further contributions of

this study.
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Chapter 3

PROBLEM DEFINITION

This chapter describes RIHTP. The overall goal is to improve the efficiency of
porter and service robot circulation within the hospital, consequently streamlining
the assignment process. This ensures that transportation requests are routed to
the most appropriate porters or service robots, thereby harmonizing with numerous
aims.

Objectives for hospital transportation are divided into two main areas: one of
them is the operational cost, which is affected by costs on porter and service robot
travel time and the number of porters and service robots taken in by shift, making
it necessary for the management to improve the efficiency by reducing the actual
number needed. The second category pertains to the effectiveness of customer service
by cutting down on the time each request spends before being transported, making
it available for them, and the riding time for a request.

The trade-off between two competing objectives measures route effectiveness.
The first one is to reduce as much as possible both direct and indirect operating
costs. The other one is that patient inconvenience needs to be minimized. Major
factors that contribute to the operating costs of the transportation department are
travel times. Travel time for patient trips is the sum of the actual movement time
and time spent assisting the patient, such as time in boarding the transporter. The
travel time is considered even for empty trips, that is, without a patient. Breaches of
time windows do not only cause inconvenience to patients but also negatively impact
costs for hospitals; late pick-ups at the origin cause patient waiting time, while early
arrivals mean idle time for transporter crews, thus increasing direct expenses. At
the point of arrival, early arrivals are prevented by the time-window settings, but
late deliveries worsen patient inconvenience and increase hospital indirect costs.

This is even more critical if the delivery location is a service department (e.g., an
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operating theater), as it directly translates into underutilization of equipment and
staff. Additionally, late arrivals disturb the planned schedule at the service unit,
potentially leading to the patient suffering from very long waiting times.

This research presents an adaptable model and technique designed to improve
intra-hospital mobility in diverse healthcare environments. The methodology is
scalable and adjustable, guaranteeing alignment with the distinct operational re-
quirements of various healthcare facilities. However, to show the efficiency of our
methodology, the case study is conducted at one of the hospitals located in Turkey,
which is an extremely large medical facility with 373 distinct zones that handle
around 1,000 transportation requests per day, which consist of a wide range of
transportation requests, including patient, medical equipment, medical suppliers,
and administrative document delivery. Each zone within the hospital is connected
by varying distances measured in time units, which affect the travel time necessary
for each transportation request.

In the hospital studied in this thesis, we have the subsequent goals. First and
foremost, we want to lower the overall amount of time porters and service robots
must walk, which has a direct influence on operational costs. Secondly, we seek to
create a fair distribution of requests throughout the entire planning period, promot-
ing equity among the porters. Third, our goal is to reduce the penalties associated
with starting a transportation request later than a fixed allowed time, which is
critical for maintaining high levels of satisfaction with patients. Achieving these ob-
jectives could not only significantly reduce operational inefficiencies but also make
an excellent contribution to balancing the workload of porters and improving the
overall patient experience.

To make this operation effective, the hospital incorporates RFID technology to
track the movement of porters within the hospital. This technology assists the
dispatcher in determining and appointing the porter closest to the pickup point of a
request. Although request assignment by dispatcher can be effected manually, it is
inefficient and often makes terrible assignments, resulting in long completion times.
In this light, further improvement of the assignment process is crucial to raising

general efficiency and reducing operational stress on porters and dispatchers.
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In the subsequent sections, we delve into the important components of RIHTP.
The primary question for each of these components is to choose appropriate as-
sumptions and how implement them for our experiments. These elements are as

follows:

Specifying request features

Characterizing the porter, service robots, and dispatcher’s operational features

Modeling the hospital network

Defining dynamic Events

3.1 Transportation Requests

A transportation request, as in the standard Dial-A-Ride Problem (DARP), includes
an origin point for patient pickup, a destination point for patient drop-off, a preferred
time for pickup or delivery, and the style of transportation required (e.g., wheelchair
or stretcher). However, in RIHTP, we have faced a variety of transportation requests,
such as medical suppliers, medical equipment, and documents, as well as patients.
Transportation requests at this hospital are classified according to the nature of
the request, which includes transporting patients (both scheduled and on-demand),
administrative documents, medical equipment, and medical supplies such as blood
tubes and pharmacy items. Every request is issued an Event Parameter ID, which
corresponds to the event type. Each request includes a pickup point and one or
two delivery points. A request is considered complete when the assigned porter has
visited all of the designated pickup and delivery points for that request. However, in
order to make the model more effective, we categorize transportation requests into
three classes. Type 1 requests are for requests that do not require any paperwork
or waiting time, meaning they have just one pickup and one delivery point. For
example, deliver medical supplies between two locations. Porters or service robots
can handle these requests while still managing other transportation requests; that

is called consolidation, allowing them to optimize their workload. Type 2 requests,
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on the other hand, contain paperwork, which requires handling at both the pickup
and delivery locations. Similar to Type 1 requests, they can be taken on additional
transportation tasks between pickup and delivery places, as long as the same porter
controls the entire procedure at both ends. Type 3 requests require the porter
to wait at the initial destination. A common example is transferring patients to
treatments such as MRI scans, where the porter must wait until the procedure is
completed before returning the patient to the original or another location. The
porter is unable to conduct any other duties while waiting. Note that this request
type can only be fulfilled by porters, not service robots.

Figure 3.1 shows that each request has an origin point (pickup) and one or
two drop-off points (delivery). To accomplish a Type 1 request, the porter must
go from the pickup point to the delivery point. This category usually comprises
delivering patients or administrative paperwork in addition to medical equipment,
which is a simple task that requires only one trip from source to destination. Type
2 requests are slightly more sophisticated. For example, either porter must go to
the pickup point to retrieve a blood tube and associated paperwork. The porter
then goes to the initial delivery location, obtains a signed document, and returns
it to the original pickup point. This sort of request includes an intermediary phase
that necessitates more coordination and time management. Type 3 requests are
much more complicated. In this scenario, the porter delivers a patient from the
original pickup location to the first delivery destination. In this case, the porter
must wait until the patient’s procedure is completed before returning the patient to
the original. This type of request requires the porter to remain inactive during the
procedure, limiting their capacity to perform other activities during that time.

In addition to the aforementioned features, there is a capacity type associated
with each request that restricts the number of requests that a porter can handle
simultaneously or can be consolidated from each of these classes. We divide the
requests into two classes based on their capacity type. Class 1 contains the request
to transport a patient or medical equipment, while Class 2 includes transporting ad-
ministrative documents or medical supplies. This categorization will help us better

formulate the problem. The information regarding each request is summarized in
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Transportation Request Types Legs of Transportation Requests Types
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Consecutive Nodes:

Figure 3.1: Transportation request types and their node representations

Table 3.1.

Table 3.1: Summary of requests by type, capacity, urgency, and difficulty

Request Name Type | Capacity Type | Request Urgency | Request Difficulty
On-demand Patient Transportation | Type 1 Class 1 High High
Administrative Document Type 1 Class 2 Low Low
Medical Equipment Type 1 Class 2 Medium Medium
Medical Supplies Type 2 Class 1 Low Low
Scheduled Patient Transportation | Type 3 Class 1 High High

The hospital’s protocol states that the delay is only attributed to the arrival time
at the pickup point of request 57 € J. In accordance with the policy, it is required to
arrive at the pickup points for patient transportation requests within 10 minutes and
for other types of requests within 15 minutes. Consequently, should it fail to reach
the pickup point within the stipulated times, a penalty is incurred. This penalty
increases linearly in proportion to the time that passes after these time limits.

We establish a complete set of attributes for each transportation request j, spec-
ifying the task’s requirements and constraints. A generic request is represented as a
tuple j = (s, d}, d3, ¢;j, 15, kj, t;), where s; € P, ,dj € Dy and dj € Dy, ¢; € {1,2,3},
i; € {1,2,3}, k; € {1,2}, and t; > 0 are the pickup point, the delivery points, the
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request type, the priority type, the capacity type of that request, and the occur-
rence time or arrival time of the request, respectively. Note that for some requests,
d? might be empty.

Incurred inconvenience of request j € J started at time A, ,, which is the arrival
time at the pickup point of that request is expressed by the non-decreasing and
convex penalty function p(t;,b;, A,., 35, a, 7). To accurately model the penalty
function, we have selected a generalized piecewise function that can consist of k
intervals. During these periods, the penalty associated with delay exhibits a linear
increase. In the following intervals, the slope of the linear function increases by a
constant percentage of its preceding coefficient value. Considering the particular
attributes and operating protocols of the hospital in issue, it has been concluded
that modeling three periods sufficiently represents the situation at this healthcare
facility. This function is dependent on ;, the penalty for each time unit of delay,
which is considered based on the priority type, b;, the duration of time after which
the penalty begins to be counted, and 7 is the breakpoint where the slope of the
linear function increases by af3; as proposed by [Ghiani et al., 2022]. Figure 3.2
shows a graphical representation of the penalty functions. Also, the mathematical
formulation of the penalty function is shown below:

(
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Figure 3.2: Penalty function to compute the inconvenience associated with a request
(delay). (a) patient transportation (b) medical suppliers, medical equipment, and

administrative documents

3.2 Porters, Service robots, and Dispatcher

In the studied hospital, a homogeneous fleet of workers was responsible for trans-
portation tasks. Porters are employees in hospitals who are responsible for delivering
related items or patients based on the request. In other words, they collect the ma-
terial or patient from the first node, marked as the pickup point, and deliver it to
the end node(s), denoted as the delivery point(s). Each porter begins his day at the
depot and returns to it at the end of the day. The current system employs roughly
100 porters. Each porter is available for a specific time period of the day or shift,
with one or more programmed service interruptions of a specified duration (the hos-
pital has three shifts). As a result, each shift has less than 100 porters working.
Furthermore, since the studied hospital is enormous, we have two separate groups
of porters who start at distinct depot nodes. As mentioned before, when a request
is assigned to porters, they have 10 minutes to be at the pickup location for patient
transfer and 15 minutes for other requests. In the case of arriving late at the pickup
location, the porters will be penalized by the central monitoring system.

A central dispatcher manages the assignment process, which includes giving
transportation assignments to porters all around the hospital. Leveraging RFID

technology, the hospital improves the efficiency of this process. RFID readers are
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positioned at the entrances to each zone, collecting porter arrival times as they pass
through those spots. In other words, when a porter enters a zone in the hospital,
this technology collects the passing time. This data is archived in the hospital’s
detection system, allowing for real-time tracking of porters’ whereabouts. When a
new transportation request is generated, the system identifies porters in proximity to
the pickup point, displaying this information to the dispatcher. The dispatcher then
manually assigns the request to a porter, relying on their judgment and the real-time
data provided by the RFID system. In the current operational framework, dispatch-
ers follow a sequential order for request assignments, ensuring that porters complete
their current tasks before proceeding to the next. This approach, however, does not
account for dynamic reallocation based on evolving conditions and demands. The
dispatcher’s decisions are generally intuitive and based on experience rather than an
optimal analytical method. This strategy, while functional, frequently results in in-
efficient task allocation and increased operational inefficiencies. Figure 3.3 indicated

the current process of assigning a new request to a porter.
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Figure 3.3: Flowchart of the current dispatching system
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must incorporate an assignment system that takes into account the porters’ closest
path in terms of duration between points as well as their capacity for transporting
hospital materials and patients, rather than just their availability. As a result, the
current approach is inefficient for porters in terms of time management and task
balance, particularly during the hospital’s peak hours.

The current system only relies on porters, excluding robotic assistance. Ac-
cording to recent advancements and the empirical evidence presented in Chapter
2, emphasizing the significant benefits of incorporating service robots into the hos-
pital’s transportation system, we consider it more effective to integrating service
robots in the current system, introducing a human-robot operational model.

The service robots under consideration are equipped with secured storage boxes
specialized to handle administrative documents and medical supplies only. The ser-
vice robots are considered to function as porters, with the difference that they pos-
sess a greater capacity to manage these requests. Additionally, these service robots
require periodic recharging, demanding proactive planning to maintain operational
continuity without disrupting healthcare services.

For the recharging strategy, we apply a newly devised partial recharging strat-
egy to perform battery management proposed by [Jeong and Moon, 2024]. This
strategy is similar to the well-known (r, Q) policy used in inventory management. A
specified amount RL is incurred if the battery level falls below a designated thresh-
old BL following the fulfillment of an order, where BL represents the base level
and RL denotes the recharge level. The battery level in this context refers to the
duration a service robot can operate before completely shutting down. This pa-
rameterized policy is referred to as (BL, RL) policy. Figure 3.4 illustrates how the
policy operates. Nevertheless, we have implemented a modification to the recharg-
ing policy. Specifically, due to the service robots’ inability to alter their destinations
mid-route, we introduce a condition whereby if a service robot’s battery level falls
below the threshold BL while going to the next location, it diverts to a recharging
station instead of proceeding to the location. This adjustment ensures continuous
operation without risking the service robot’s shutdown mid-task. Moreover, for sim-

plicity, since the discharging rate of service robots is significantly lower when they
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are stationary compared to when they are moving, we disregard the periods when
the service robots are not moving. Consequently, the battery levels are calculated

based on the time they are traveling and serving.

A
Battery
Level

Base
Level

Recharge
Level

»

Order 1 Order 2 Order 3 Time-

Figure 3.4: (Color online) Overview of the (BL, RL) policy for recharging [Jeong
and Moon, 2024].

3.3 Hospital Network

There are many different locations, such as 373 unique locations or zones in the
hospital, that need to be visited in case of any request requirement as a pickup
or delivery location. Consequently, we have confronted a huge network that could
not be optimized without a scientific approach. The zones in the hospital act as
both source and target locations, with their responsibilities changing based on the
specifics of each request. This diversity of source and target locations emphasizes
the importance of an optimal assignment procedure to ensure efficient and timely
transportation services within the hospital. Furthermore, The shortest travel time
between any two points is assumed to be known and accounts for walking inside the
buildings.

To formally define RIHTP, let G = (IV, A) be a complete directed graph, where
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N = {0, 1, ..., N} is the node set, and A = {(m,n) : m,n € V} is the arc
set. The nodes P = {m,...,n} are pickup points, D; = {n + 1,...,2n}, and
Dy ={2n+1,...,N} are first and second delivery points, respectively, the nodes
@ = {0, 1,2} represent the depots, and the RS = {3, ..., m} indicate the recharging
stations. We assume a transporter fleet denoted by V = V; U V5, U R is located at
the depot 0 for v € Vi, 1 for v € V5, and 2 for v € R at the beginning of the
planning horizon, whose length is denoted by 7. The fleet must service a number
of requests that arrive in the [0, 7] interval, but may be served after T" if necessary.
There are a set of requests J = {J1, j2, ..., jm} that need to be served. The request
set is composed of there subsets J;, Jo, and J3 that indicates the different types of
requests. Each transportation request j € J can be denoted by a pickup point and
one or two delivery point(s) in N. For each arc (m,n), there is a corresponding time
dpmn, indicating the time that is required to travel from node m to node n by using
the shortest route. Furthermore, each node in the network is given a weight ¢,
based on the request it is associated with. These weights are incorporated into the
set defined for each request, influencing the overall logistics plan. Moreover, there
is a score 7,, related to each node, which indicates the difficulty level of the request
for which the node serves as either the pickup or delivery point. Each transporter
is assigned a capacity, denoted by ¢, that indicates the maximum load or number
of requests they can manage for each type of request according to the capacity.
For ease of use, we call both porters and service robot transporters. This capacity
constraint must be followed to ensure that transporters are not overworked and the
transportation process remains efficient and effective. Moreover, a service time s,,
is assigned to each node based on their role as a pickup or delivery point in the
network. In such a network, the aim is that transporters travel through the nodes
and complete the requests in the minimum amount of time while the the total delay
is kept at the minimum level in addition to balancing the workload of porters.
Routes in this network are subject to the following assumptions: (a) Each trans-
porter must commence and conclude its route at the designated depot; (b) Both the
pickup and delivery points associated with a single request must be serviced by the

same transporter; (¢) The sequence of stops must ensure that a pickup point precedes
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its corresponding delivery point(s); (d) For certain types of requests, consolidation
is permissible, allowing indirect routing between pickup and delivery locations; (e)
Once a transporter has commenced travel towards a destination, diversion from this

path is not permitted.

3.4 Dynamic Events

In this context of hospital transportation, dynamic events are crucial in defining the
efficiency and effectiveness of transporters routing and scheduling. This fact can be
strongly evidenced by the incidence in most hospitals, where only a smaller propor-
tion of transport requests are booked in advance. Consequently, the transportation
problem for assignments evolves in a dynamic environment, and information be-
comes known throughout the day.

As a result, the planned route is, in this context, a sequence of requests as-
signed to a transporter that is scheduled but not yet serviced. As it is described
by [Beaudry et al., 2010], several typical events require revisions to these planned
routes, including patient-related events, including the arrival of new transporta-
tion requests, especially those needing short-term service; changes in the details
of unserviced requests due to erroneous information; and cancellations of requests.
Moreover, vehicle-related issues could affect the overall scheduling and routing. Ex-
amples of such vehicle-related events are the early entry into a service location by
a vehicle, vehicle failure, and unscheduled periods of rest. Obviously, under such
dynamic conditions, actions in dispatching must be done promptly as soon as new
information becomes available. However, in our problem, the only dimension of
dynamics is the arrival of new requests over time.

This makes the transportation problem relatively more complex because it must
satisfy two opposing objectives: minimization of operating costs and provision of
convenience to the patient. The operating cost is a function of travel time, which
may be moving time or time spent with a patient assisting them into the trans-
porter or travel time without the patient. These have resulted in increased direct

costs when patients are either kept waiting or the transporter crew spends time in
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idleness because of late pickups and early arrivals. Late deliveries, mainly to service
departments like operating theaters, could cause underutilization of equipment and
staff, further increasing hospital indirect costs and disrupting planned schedules.
In a dynamic environment, porters stay in touch with the dispatcher all the
while and inform the dispatcher that all the steps have been completed. This dis-
patcher ensures flexibility in making necessary changes to the route. This dynamic
characteristic of hospital transport is such that it requires an enormously flexible
system that is able to cope with the continuous flow of new information while ad-
justing routes very quickly. Integrating real-time data and executing swift dispatch
actions remain paramount for maintaining an effective transportation service with
minimal cost implications, taking care of patient comfort, and timely arrivals at the

destination points of services.

3.5 An Illustrative Example

Figure 3.5 illustrates RIHTP at a specific time of the day upon arrival of a new
request, 7 + 5 , where there are five pending transportation requests, indexed as
J, g+ 1,742,543, and j + 4. The depots, represented by blue squares (DE P,
DEP,, DEP,), act as starting and ending locations for transporters, while black
circles indicate the corresponding pickup and delivery nodes for each request. Each
request consists of a pickup location s; and one or two possible delivery destinations,
d} and d? with specific characteristics explained in previous sections. Three trans-
porters, one from each fleet, porters and service robots, are currently operating,
traveling along their assigned routes. The solid black arcs in the figure represent
the fixed paths that have already been traversed, while the black dashed arcs de-
note planned but yet-to-be-executed movements before arrival of the new request.
The red dashed arcs represent the updated route which is assigned to the new
request. The figure demonstrates how transporters dynamically respond to new re-
quests while adhering to precedence constraints, ensuring that pickups occur before

corresponding deliveries. At the given time snapshot, some transporters are in the

middle of completing deliveries, while others are en route to pick up new requests.
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If no additional assignments are made, transporters will return to their respective
depots; otherwise, they will continue to serve new requests as they arrive. This
illustration captures the continuous and adaptive nature of the RIHTP, where real-
time decision-making plays a crucial role in determining the optimal routing and

scheduling of transporters to ensure efficient intra-hospital transportation services.

2
dj+4
X L
—[, \‘\.h_"'--__. d}.+4 s
' Tl """-’.""

Vehicle

Pending Requests

Figure 3.5: (Color online) Illustration of Real-Time Intra-Hospital Transportation

Problem (RIHTP)
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Chapter 4

OPTIMIZED FRAMEWORKS FOR STATIC
INTRA-HOSPITAL TRANSPORTATION

The Dial-A-Ride problem, particularly in intra-hospital transportation, has been
examined via different variants in the existing literature, as discussed in Chapter 2.
In this chapter, we address the static (offline) version of the problem by developing
two mathematical models for the human-operated and human-robot intra-hospital
transportation problems using the DARP framework, in which all transportation
requirements are predetermined, allowing transporter routes to be strategically ar-

ranged at the beginning of each day.

4.1 Mathematical Modes for Static Approaches to Assign and Sched-

ule Requests

The Dial-A-Ride Problem (DARP) is defined by a set of clients or users, each with
a pickup origin and one or two drop-off destinations. In more traditional versions,
identical vehicles are stationed at a joint depot to serve all customers. The goal is
to create a set of vehicle routes that minimize overall costs while accommodating
the greatest number of requests possible under a predefined set of constraints. The
Dial-A-Ride Problem (DARP) framework has also been applied to the Pickup and
Delivery Vehicle Routing Problem (PDVRP) and the Vehicle Routing Problem with
Time Windows (VRPTW) [Cordeau and Laporte, 2007]. In the subsequent part of

this section, we propose a mathematical model for the static version of our problem.

4.1.1  Human-Operated Dial-A-Ride Mathematical Model

We utilize the three-index formulation for the Dial-A-Ride Problem (DARP) pro-

posed by [Cordeau, 2006]. Nevertheless, some constraints require modification due
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to the specific assumptions and unique characteristics inherent to RIHTP.

The following sets, parameters, and decision variables are defined:

Table 4.1: Table of notations for sets.

Notation Explanation
D Set of delivery nodes, D = Dy U Ds.
Set of pickup nodes.
Q Set of depot nodes.
N Set of all nodes, N = PUDUQ.
J Set of all requests, J = J; U Jy U Js.
V Set of all available transporters, V' = V3 U Va.
K Set of capacity types.

Table 4.2: Table of notations for parameters and constants.

Notation Explanation
Crnkv Capacity-related parameter equal to min{cg, cx + ¢ms }, where ¢ is the
capacity of type k for transporter v.
i Binary parameter equal to 1 if node m € N is the pickup point (o = 0),
first delivery point (o = 1), or second delivery point (o = 2) of request
j € J; 0 otherwise.
dmn Travel time between nodes m € N and n € N.
Amk Required capacity of type k € K at node m € N.
Sm Service time at node m € N.
wi,we, w3  Weights associated with each term in the objective function.
t; Arrival time of request j € J.
b; Time after which the delay penalty begins for request j € J.
T End of the planning horizon.
8 Penalty coefficient for delay in completing request j.
Ym Score assigned to node m € N.
M A sufficiently large constant used in constraint formulations.
l Maximum allowed ride time.
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Table 4.3: Table of notations for decision variables.

Notation Explanation
Xonno Equal to 1 if porter v € V travels from node m € N to node n € N; 0
otherwise.
L, Ride time of request j € J when handled by porter v € V.
C, Equal to 1 if porter v € V is assigned to at least one request; 0 otherwise.
Wk Load of type k € K carried by porter v € V upon arriving at node
n € N.
A Arrival time of porter v € V to node n € N.
Uny MTZ (Miller—Tucker—Zemlin) subtour elimination variable for node n €
N and porter v € V.
E}, E;  Delay values associated with the start time of request j € J.
B! Maximum total working time among all porters.
B? Minimum total working time among all porters.




Chapter 4: Optimized Frameworks for Static Intra-Hospital Transportation

48

The proposed mathematical model for the static version of our problem is as

follows.

Min Z = w1Z1 + w222 + ’lUng

Zy =Y )Y (don + )Xo

meN neN veV

jeJ jeJ

subject to:

Z Z Xome = 1 Vne P
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C, € {0,1} YoeV (4.41)
UpeN YVweV,neN (4.42)
D; >0 VielJ (4.43)
B! >0 (4.44)
B?>0 (4.45)

The model aims to minimize the weighted sum (4.1), which contains travel time
and service time (4.2), (ii) the difference between the maximum and minimum work-
load of a porter (4.3), (iii) the total penalty associated with the lateness from the
arrival time of a request (4.4). Constraints (4.5) ensure that a request can be handled
just by a porter. Constraints (4.6) and (4.7) are used to calculate the delays related
to each request. Constraints (4.8) ensure that a porter that is assigned to a request
cannot start it unless the request has arrived. Constraints (4.9) and (4.11) ensure
that at the beginning of the day, if a porter is assigned to at least one request, he
should leave the location where it originates from. Similarly, Constraints (4.10) and
(4.12) ensure that at the end of the day, such porters go back to the location where
they originate from. Constraints (4.13) and (4.14) express the necessary conditions
for variables C),. Constraints (4.15) guarantee that porters visiting a location should
leave that location. The purpose of constraints (4.16) - (4.21) is to enforce that if a
request is handled by a porter, that porter needs to visit the nodes associated with
each request. By imposing constraints (4.22) - (4.24), we calculate the arrival time
of each porter to the visited nodes. Constraints (4.25) - (4.27) prevent sub-tours
by ensuring porters follow a proper sequence in their route. Constraints (4.28) are
formulated to address the load of each type carried by a porter upon arriving at
a node. Constraints (4.29) and (4.30) define the ride time of each user, which is
bounded by constraints (4.31) and (4.32). Constraints (4.33) are critical for calcu-
lating the maximum working time of a porter in the planning horizon. Similarly,
constraints (4.34) are used for calculating the minimum working time of a porter in
the planning horizon. Constraints (4.35) - (4.36) prohibit each type of porter from
visiting the depot node designated for the other type of porters. Constraints (4.37)
- (4.45) define the domains of the variables.
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In logistics optimization, the deployment of a homogeneous fleet of vehicles, each
with similar capabilities and operating between shared points of origin and destina-
tion, creates mathematical symmetry. This symmetry allows for the interchangeable
assignment of routes among any permutation of vehicles. Although these solutions
differ mathematically, they lead to comparable practical consequences, resulting
in duplicate computational efforts. To reduce inefficiencies, two sets of symmetry-
breaking constraints are used, inspired by [Dahle et al., 2019] research on the Pickup
and Delivery Problem. These lexicographical limitations effectively discriminate ap-
parently symmetrical solutions, shortening the computing process and improving

route allocation efficiency in such systems that are stated as:

ZXOnv > ZXOn(erl) Vo € %\{lml}

neP nepP

(4.46)
Zlez > ZXln(v—l-l) Vo € ‘/2\{”/2'}
neP nepP

(4.47)
Z Z (dnm + Sn)Xnmq; > Z Z (dnm + Sn)Xnm(erl) Vo € m\{l‘/ll}
neEN meN\{n} neN meN\{n}

(4.48)
Z Z (dnm + Sn)Xnmv Z Z Z (dnm + Sn)Xnm(erl) Vv € Vé\{l‘/ll}
neN meN\{n} neN meN\{n}

(4.49)

Constraints (4.46) and (4.47) are intended to prioritize the employment of porters
with lower indices, assuring their deployment before others. Meanwhile, constraints
(4.48) and (4.49) require that the length of routes increase with the porters index

so that porters with lower indices have greater route length.

4.1.2  Human-Robot Dial-A-Ride Mathematical Model

We employ the identical parameters, indices, and decision variables defined above,

together with the following additional ones:
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Table 4.4: Table of notations for additional sets.

Notation Explanation
R Set of all available service robots.
1% Set of all available transporters, V = V; U V5 U R.
RS Set of recharging station nodes.
N Set of all operational nodes (excluding recharging stations), N = P U

DUQ.

Table 4.5: Table of notations for compatibility and battery parameters.

Notation Explanation
fiv Binary parameter equal to 1 if request j € J can be handled by trans-
porter v € V; 0 otherwise.

r Discharging rate of battery per unit of time or distance.
P Fixed recharging amount at each recharging visit.
A Recharging rate of the battery during charging.

J Maximum battery capacity of each service robot.
s Minimum allowed charge level (safety threshold).

Table 4.6: Table of notations for robot-specific variables and parameters.

Notation Explanation
Foniv Binary parameter equal to 1 if service robot v € R visits recharging
station [ € RS between its path from node m € N to node n € N.
Xmno Equal to 1 if node n € N is directly or indirectly visited after node
m € N by transporter v € V'; 0 otherwise.
H,, Battery level of service robot v € R upon leaving node n € N.
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Consequently, the new mathematical model is as follows:
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Yo D it s)Xame =D D (dum+50)Xumeryy Vo € R\{|RI}

neN meN\{n}

neN meN\{n}

(4.101)
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Fonw € {0,1} VoeV,le RS me N,neN (4.102)
KXo € {0,1} YoeV,me NneN (4.103)
Wike € N YVveV.ne N ke K (4.104)
H,,>0 Yve Rone N (4.105)
A >0 YVweV,neN (4.106)
Yo € {0,1} Vv € R,n € N\{0,1,2,3} (4.107)
Lj, =20 VieJveV (4.108)
Quy >0 Vv € V,n € N\{0,1,2,3} (4.109)
C, €{0,1} Yo eV (4.110)
Up €N YVweV,neN (4.111)
D; >0 VieJ (4.112)
B'>0 (4.113)
B*>0 (4.114)

Similar to the previous mathematical model, this model seeks to minimize the
weighted sum of (i) the total time porters spend to fulfill all requests 4.50, encom-
passing both travel and service time (4.51), (ii) the difference between the maximum
and minimum workload of a porter (4.52), and (iii) the cumulative penalty linked
to lateness relative to the arrival time of a request (4.53). Constraints (4.54 - 4.90)
and (4.96 - 4.114) are identical to the previous mathematical model. Constraints
(4.91 - 4.93) provide a balance equation for the battery using the modified (BL, RL)
recharging policy. Constraints (4.94) and (4.95) define the upper and lower bounds

for battery level, respectively.
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Chapter 5

REAL-TIME OPTIMIZATION OF INTRA-HOSPITAL
TRANSPORTATION

This chapter presents our proposed solution approach, which is an integration
of the Deep Q-Learning (DQL) algorithm with other heuristic algorithms. RIHTP
is inherently difficult to solve due to its dynamic, high-dimensional, and combina-
torial nature. In fact, RIHTP, modeled within the Dial-A-Ride Problem (DARP)
framework, presents significant challenges that stem from its complexity and the
demanding operational constraints of healthcare environments. Firstly, the problem
is characterized by several restricted constraints and assumptions, such as the ca-
pacity of transports, specific pickup and drop-off points, and predefined ride time
durations for each request. These conditions significantly restrict the feasible so-
lution space and increase the computational burden, making it impractical to find
optimal solutions within a reasonable timeframe using traditional methods. More-
over, the real-time aspect of the problem introduces additional complexity. Deci-
sions regarding the assignment of transportation requests and the determination
of transporters’ routes must be made instantaneously to maintain a seamless flow
of operations within the hospital. This is crucial in preventing delays that could
adversely affect patient care and hospital efficiency.

In large healthcare facilities, especially in the examined hospital, which typi-
cally handle a high volume of transportation requests daily, the situation is further
complicated. Each request varies in terms of urgency, destination, and required re-
sources, adding layers of complexity to the decision-making process. Consequently,
attempting to solve the entire problem each time a decision is needed is not feasible.
The computational load would be excessive, and the time taken to arrive at a deci-

sion would be incompatible with the rapid pace required for effective intra-hospital
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logistics. Thus, traditional approaches to solving such complex, dynamic problems
are often inadequate in these high-pressure, real-time environments where speed and
adaptability are paramount.

To effectively address these challenges, we decompose the RIHTP into two critical
and interrelated decision-making phases at each decision point: assignment and
routing. We designate these as Phase 1 and Phase 2 decisions, respectively. In
Phase 1, the decision involves determining the most suitable transporter for each
newly arrived transportation request. This decision focuses on efficiently matching
transport resources to demands based on current system states and the specifics of
the request, such as urgency, destination proximity, and transporter workload. This
phase is driven by three primary objectives: minimizing the total travel and service
time, balancing the workload among transporters, and reducing the delay penalty
associated with pickup points. Phase 2, on the other hand, focuses on reoptimizing
the route for the assigned transporter. This decision adjusts the previously planned
route to incorporate the new assignment, optimizing the travel route to minimize
the total travel and service time and reduce the delay penalty. Nonetheless, these
decisions are closely interconnected. For each decision point, the outcome of Phase
1, assigning the optimal transporter, must be determined before Phase 2 can begin,
where routes are reoptimized based on these assignments. Moreover, the results of
Phase 2 are crucial for informing the next set of Phase 1 decisions. Without the
updated routing information from Phase 2, it would be difficult to make effective
assignments in the following round. Consequently, the decision should be make
successively for each phase. This cycle ensures that each phase informs and enhances
the other, maintaining a continuous flow of updated decision-making.

In Phase 1 decision, we employ reinforcement learning, namely Deep Q-Learning,
to tackle the distinct challenges associated with this phase. The effectiveness of an
assignment decision in Phase 1 can only be assessed once the routing in Phase 2 has
been established. This necessitates a solution approach that can predict the future
impacts of the assignment decision on the overall objectives. Reinforcement learning
is optimal for this goal as it emphasizes the selection of actions that maximize cumu-

lative future rewards, therefore predicting and enhancing the long-term outcomes
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of decisions made at each decision point. Deep Q-Learning is utilized to develop
a robust and near-optimal policy for assignment decision-making. This technique
accurately evaluates the potential future consequences of current decisions. It em-
ploys an extensive array of features to predict the results of each decision over the
remaining planning horizon. Furthermore, Deep Q-Learning is effective at devel-
oping robust policies that can be used with high speed, making it suitable for the
real-time requirements of hospital operations.

In Phase 2 decision, which focuses on optimizing the routing of a particular trans-
porter after the insertion of a new request into its schedule, we employ a two-stage
heuristic composed of Best Insertion (BI) followed by Adaptive Variable Neighbor-
hood Search (AVNS). This approach is well-suited for real-time hospital logistics, as
it delivers high-quality routing decisions within a limited computational time. The
BI heuristic provides a rapid and feasible initial solution by deterministically identi-
fying the least-cost insertion position for the new request within the existing route.
Subsequently, AVNS is applied to iteratively improve this initial solution by explor-
ing a dynamic sequence of increasingly complex neighborhoods. This combination
balances intensification and diversification, enabling effective local improvements

without excessive computation.
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Figure 5.1: The flowchart of the two-phase solution methodology for dynamic version

As depicted in Figure 5.1, our two-phase solution methodology is activated upon
the arrival of a new request. We first utilize the policy produced using reinforcement
learning to assign the request to the suitable transporter. Subsequent to the assign-
ment, the BI + AVNS algorithm proceeds to include the newly assigned request
into the current route. This systematic methodology guarantees that each phase
complements the others, enhancing both the assignment and routing decisions in
real-time to dynamically adjust to changes in the hospital’s transportation requests.

The details of this solution methodology are explained in the next sections.

5.1 Phase 1 Decision: Assignment Problem

This section examines Phase 1 of the Real-Time Intra-Hospital Transportation Prob-
lem (RIHTP), assignment decision, which is crucial for improving operational work-
flows within the hospital. This phase is organized as a sequential decision process
model, where each decision point aligns with the arrival of a new transportation
request, requiring prompt and strategic assignment to suitable transporters. We

analyze the sequential decision process model, detailing the formulation of deci-
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sion epochs, states, actions, and rewards that facilitate the management of assign-
ment complexities in real-time. Furthermore, we examine the utilization of Deep
Q-Learning (DQL) to enhance these decisions. This includes discussions on the
DQN architecture and training setting to guarantee the system’s effective adapta-

tion to the evolving requirements of hospital logistics.

5.1.1 Sequential Decision Process Model

We model Phase 1, assignment decision, as a sequential decision process, comprising

a series of states linked by actions and transitions as follows:

Decision Epoch: A decision epoch is represented by a time instant, during the
planning horizon, when a decision must be taken (arrival of a new request). We
denote the k" transportation request as j, and the time of the k' decision epoch

as ty. Therefore, the set of decision epoch is represented as T,ion = {tx : k €

L2,...,]J|}

State: The state at a decision epoch encapsulates the information needed for mak-
ing the decision. In our problem, the state Sy at decision epoch k includes the infor-
mation about the customers, the porters and service robots, as well as the planned
routes. Since the planned routes encompass the pertinent details for the fleets, the
fleet information can be excluded from the state information. Mathematically, a

state has four components:

1. t;: Time of decision epoch.
2. jr = New request.

3. Jy = (Jpk, Jri): Set of assigned transportation requests still not started. The

set is split between requests planned with porters Jpj, and service robots Jg .

4. Ty = (Ppg,Tri): Set of planned routes for porters I'pj and service robots

I'rr when the request jj is received.
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To wrap it up, we represent the state Sy as a tuple Sy = (tg, Jk, Jx, L'x). In the

initial state ¢ = 0, all planned routes are empty.

Action and Reward: At every decision epoch, we determine an action x; from
the set of possible actions X (Sk). In RIHTP, an action incorporates to which trans-
porter the new request 75 should be assigned. The action is represented as a tuple
Iy = (T'p, I'Rx), where I'p, (I'% ) is the updated set of porter (or service robot)
planned routes. In addition, Ji = (J§,, Jk ) represents the updated set of not yet

started transportation requests.

£ 100 . R(Fk)_R(Fi)

Rt e Where the first reward

The reward of an action zy, is R(Sk, z)
in the objective value of the current routes and the subsequent is the objective
value of the post-decision routes. In other words, this reward function represents
the percentage increase in the objective function after the assignment. The € is
added to the denominator to prevent division by zero in cases where the objective
function evaluates to zero. To calculate R(I'}), we need to solve the intra-hospital

transportation problem based on the system states and assignment action z; using

a heuristic that we will introduce in Section 5.2.

Stochastic Information and Transition: Transitions arise from the acknowl-
edgment of arbitrary transportation requests. These requests are exogenous to the
decision-making process. For example, in our computations, we utilize a random dis-
tribution derived from hospital data to generate requests. The realized information
Wi1 either reveals a new request and the time of the request Wy1 = {Jrs1,tkt1}
or leads to termination of the process because the operation periods ended, Wy, =
{} . In the latter case, the process terminates in the final state, Sy = Sk. Other-
wise, the new state Sj4; is a combination of post-decision state Si, ; and stochastic

information Wy, with the following updates.

1. The time of the decision epoch is t;,1, which is the time of the arrival of the

new request Jgiyi.

2. The porters and service robots may have started new requests in the time
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between jj, and jj4;. We denote the set of such requests J7, . ;. These requests

are no longer part of the sate, and therefore, Jyy1 = JE\Jj )11

3. Similarly, the routes ['y,; are updated by removing the visited nodes.

Objective Function: A solution to Phase 1 is a policy m € II that assigns an
action to each state. The optimal solution is a policy 7* that minimize the total

expected reward and can be expressed by

" = arg mlnE

S RS X ))|50] (5.1)

k=0,...,K
Where X7™(Sy) is the action selected by policy 7 at state Sy.

Figure 5.2 summarizes the information of Sequential Decision Process Model.

So = (tosjorJo. To) Sk = (treJioo 1o i) Sr = (tr.jrJr. 1)
xg = X"(Sp) X = X"(Sk) xp = X"(S7)
wy Wit
rf% . r‘% ces | o
| 1 ! ! T > Time
R(So,%q) R(Sy, xi) R(St,x7)

Figure 5.2: Illustration of the sequential decision-making process of the problem in

a Sequential Decision Process Model.

5.1.2 Deep Q-Learning

It is known that the solution to a sequential decision process model can be derived

via backward induction applied to the Bellman equation 5.2 :

V(Sk) max {R(Sk,xk)—i-E[ (Sk+1)|5k]} (52)

L €X (Sk)

However, the size of the state space in this problem is too large to enumerate.
This problem involves routing multiple porters and service robots to serve numer-
ous requests. Furthermore, the state space is continuous and encompasses multiple
dimensions. Thus, even attempting to estimate the value function with tabular rein-

forcement learning approaches (such as tabular Q-Learning) is impractical because
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storing the value for each possible state-action pair results in significant memory
usage, rendering frequent value assessments and, consequently, learning unfeasible.
In contrast, deep reinforcement learning algorithms (such as Deep Q-Learning) ad-
dress these practical challenges because neural networks can learn the relationships
between various states and actions, using this knowledge to extend the value from
known state-action pairs to those that have not been explored. Consequently, we
require deep reinforcement learning algorithms to estimate the value of each state-
action pair. We choose Deep Q-Learning from the deep reinforcement algorithms
owing to its off-policy approach, which allows for the learning of optimal policies
from exploratory data without restriction to the current strategy, hence improving
its adaptability and efficacy in complicated contexts.

Deep Q-Learning (DQL) is an advanced modification of the traditional Q-learning
technique, incorporating deep neural networks to learn the value of taking an action
at each given state. In fact, DQL theoretically uses a neural network as a function
approximator to estimate so-called Q-values, Deep Q-Network (DQN), representing
the expected future rewards for a specific state-action pair. Let 6 denote the cur-
rent set of weights defining the DQN that models the agent’s behavior. For any
state-action pair (S, z), the Q-value corresponds to the value assigned by the DQN
with weights 6 to that particular pair. The Q-values approximate Equation 5.3 as
follows:

V(Sy) ~ xklen)?(}é‘k) Qo(Sk, x1) (5.3)

Additionally, by conducting the training phase of the DQN offline and retaining
only its weights 6, the agent can swiftly calculate, for any given state S, the Q-
value for each potential action xy, thereby readily determining the action that offers
the highest expected reward. At decision epoch k, the action x; chosen by 6 for
execution is the one that maximizes the expected future rewards, that is,

T = argxkren)?ék)Qg(Sk,xk), vk (5.4)

Given the dynamic nature of the problem, where requests with different types

and requirements arrive over time, altering the plans significantly, a Bayesian Neural
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Network (BNN) is preferred over a traditional neural network. BNNs are particu-
larly suited for environments with high uncertainty and variability because they not
only predict outcomes but also estimate the reliability of these predictions. This
probabilistic approach allows for better decision-making under uncertainty, which
is critical in hospital settings where decisions must adapt to changing conditions
on the fly. We thus model the agent with a multi-layer perceptron structured as a
BNN, featuring an input layer, one hidden layers, consisting of a defined number
of neurons, and an output layer. The input layer receives the encoded state Sj
and propagates it to the hidden layer. The hidden layer in this network processes
the output from the input layer by first calculating the dot product of the incom-
ing weights and the layer’s inputs. These results are then modified by a Bayesian
inference method rather than a simple activation function, allowing the model to
account for uncertainty in the weights. The network utilizes the leaky rectified linear
unit function (LeakyReLU) to introduce non-linearity before forwarding the outputs
to the subsequent layer. The final hidden layer outputs predictions to the output
layer, which then estimates the Q-values Qg (Sk, x) for each possible action x from set
X (Sk), incorporating probabilistic reasoning at every step. The architecture of the
Deep Q-Learning (DQL) model employed in Phase 1 for assignment decision-making

is shown in the Figure 5.3.
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Figure 5.3: Architecture of the Deep Q-Learning (DQL) model for Phase 1 decision
in RIHTP.

The parameters 6 (including both weights and biases as distributions character-
ized by p and o) of the Bayesian Neural Network (BNN) are optimized during a
training phase that consists of simulating a total of Nepisoqes instances, each referred
to as an episode. Each episode represents a working shift in a day of hospital oper-
ations, encapsulating a sequence of patient transportation requests that arrive over
time, each with varying requirements.

To enhance the agent’s ability to handle diverse scenarios and make robust deci-
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sions under uncertainty, at the start of each episode, a daily patients request instance
p is randomly sampled from a set of possible instances P. Each profile is a set of cus-
tomer requests made during a working shift, including all the information required
to define request j.

During each episode, the agent evaluates the current state Sy at every decision
epoch k using the current distribution parameters. The agent then decides the opti-
mal action xj, determining the assignment of requests. After taking an action, the
routing heuristic is triggered and the agent receives a reward R(Sy, zx) and transi-
tions to the next state Sy, (see Figure 5.4 for an illustration of this process). Once
the post-decision state is observed, each experience tuple (S, xy, R(Sk, Tk), Skr1) is

stored for later use in updating the BNN parameters.

—= (o

state 'I',ewafd action
5, { a,

s, | Environment ]*'—

.

Figure 5.4: Standard training process in a RL setting [Sutton, 2018].

At each decision epoch, the agent typically chooses the action that maximizes the
expected total reward for the current state Sy, a strategy known as exploitation (see
Equation 5.4). However, to prevent the model from converging prematurely on sub-
optimal policies and to encourage exploration of the state-action space, exploration
is regulated by Thompson Sampling, executed by Monte Carlo (MC) Dropout in the
Bayesian Q-network. At each decision epoch k, the network executes T' stochastic
forward passes with distinct dropout masks, producing 7' sampled Q-value vectors.
A sample is randomly selected to represent the current Q-value estimate, and the
action with the greatest value among valid actions is chosen. This uncertainty-aware

sampling technique allows the agent to equilibrate exploration and exploitation by
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automatically incorporating epistemic uncertainty in its value estimates, without
necessitating an explicit exploration parameter like €.

At the end of an episode, instead of immediately using the collected experience
tuples to train the BNN, they are first stored in a replay buffer with size of M.
The distribution parameters are then updated using tuples randomly sampled from
this buffer, a method known as experience replay [Lin, 1992]. This technique helps
to use a range of both recent and past experiences to train the BNN, reducing the
correlation among sequential observations and thereby stabilizing parameter updates
and enhancing the training efficacy.

Upon completion of the training phase, the optimized parameters 6* guide the
BNN policy ﬂgany,m" to select actions that maximize the Q-value Qg+ (S, ) for any

given state Sj.

5.2 Phase 2 Decision: Routing Problem

Phase 2 of the RIHTP involves a critical post-decision step where the newly assigned
transportation request is integrated into the existing route of the transporter. This
process utilizes a combination of Best Insertion and Variable Neighborhood Search
[Mladenovi¢ and Hansen, 1997] with some adaptive mechanism to ensure optimal
insertion.

We utilize the Best Insertion algorithm to generate an initial feasible solution.
The solution found serves as a basis for future improvement employing the Adaptive
Variable Neighborhood Search (AVNS) metaheuristic. This algorithm’s inputs com-
prise a list of previously assigned requests, newly assigned requests, visited nodes,
the current route, and all the required parameters, including service times, travel
time matrix, capacities, etc. The Best Insertion algorithm is selected for its ef-
ficiency in quickly generating a feasible route by progressively integrating a new
request at the position that has the minimum increase in the route’s total travel
time and delay penalty while adhering to defined constraints. Following the genera-
tion of an initial route, the AVNS algorithm is employed to explore a diverse range

of neighborhoods. In this method, we systematically modify the initial solution by
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varying the neighborhood size and type in order to have a thorough exploration of
the solution space.

We represent the solution for the routing problem after assigning the newly
arrived request jj at decision epoch k just by a list of subsequent nodes I, ; with
J, C J, i.e., the assignment of the requests to the transporter v € V and its
execution order. Let S be a solution of the routing problem, C(S) the objective
function value consists of the weighted sum of the overall travel time and the total
delay penalty associated with the solution. A route S is feasible if all the constraints
are satisfied and optimal if it is feasible and has the smallest value C'(S) among all
feasible possible routes. We restrict the search to feasible solutions and directly
use objective value C'(S) as an evaluation function. We, therefore, guide the search
to remain in the feasible region by modifying the search to generate only feasible
solutions.

In the first step of the algorithm, a Best Insertion algorithm, insert the request
Jr to the best position in the current route of the selected transporter v € V to
generate the initial route I', ;. Nonetheless, Type 3 transportation requests, which
necessitate the successive visit of related nodes, coupled with the maximum ride
time constraint, provide considerable challenge in the optimal insertion of nodes. In
most cases, the solution found by the standard Best Insertion algorithm is either
infeasible or suboptimal. Thus, in this step, we presume that all nodes in a request
must be visited sequentially, indicating the absence of request consolidation. That
is, instead of adding the nodes, we seek to identify the optimal position of a request
in the route. Consequently, solution S in this step is represented as J, which shows
the ordered requests to be performed by transporter v € V. We use objective func-
tion C'(S) to evaluate the solutions, ultimately selecting the position that results
in the minimum increase in C(S), i.e., Min AC(S") = C(S) — C(S"), where S is
the solution before inserting the new request in the route. Note that the insertion
can only occur for positions in the current solution such that for such positions
Ap.w < tg. This means that the pickup point of request j, s;, have not been visited
(fixed) upon the arrival of the new request jj at the decision epoch k. Subsequent

to this step, a local search is initiated to integrate the consolidation assumption into
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the initial solution obtained. The local search utilizes the Swap operator over nodes.
The algorithm involves continuously searching for a better solution by attempting
to swap two nodes n and n' concurrently within the solution array S. Each node
n=sj,d;,d;, ... ’Sj\Jv\’dJl\Ju\’sz\Ju\’ where ji,..., s € Jy, can be swapped with
each node n’, if A,, > t; and A,, > tg, i.e., none of the nodes has been visited
before. Moreover, if a selected node belongs to a Type 3 request, all corresponding
nodes associated with that request (s, djl., d?) are moved together to preserve feasi-
bility. The operator functions by progressively enhancing a specified solution until
no additional enhancements are possible. Furthermore, the swaps are permitted
provided they do not lead to an infeasible solution. A solution is considered better
if it has a smaller objective function value compared to the current solution.
Following the aforementioned steps, an AVNS algorithm is triggered to improve
the current solution. The AVNS algorithm contains three main steps; shaking, local
search, and changing neighborhood. In our study, an Exchange move is performed
for shaking, and Swap and Relocate operators are implemented during local search.
The Swap operator exchanges functions according to the previous explanation.
The Relocate operator relocates the position of all corresponding nodes of a request
(i.e., sj,djl-,d?) to to a new position within the solution S. The algorithm starts
with an Exchange move. Among the allowed nodes, the ones that have not been
fixed, two random nodes are selected and their positions are exchanged. If one of
the nodes are associated with a request of Type 3, we also change the positions of
other corresponding nodes. This Exchange operator is performed for h iterations,
where h is the neighborhood size. Shaking terminates at this step, after which the
algorithm transitions to local search. Local search randomly implements one of the
two operators. As in the first Swap operator, these operators also continue until
there is no enhancement in the solution. After completing the local search, the
obtained solution S is compared to the current best solution S*. If it is not a better
solution, then the iteration counter (iter) is increased by one, the best solution is
not changed, and the cycle is rerun. If a better solution is found, the best solution is

updated, the iteration counter (iter) is increased by one, the non-improving counter

non_improvement_count is reset, and the cycle is rerun. The loop continues until
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(iter) or non_improvement_count exceeds the defined stopping limits, max _iter and
max_non_improvement, respectively.

We have considered an adaptation in the algorithm, which makes it faster. This
adaptation involves dynamically adjusting the neighborhood size h based on the suc-
cess rates of previous attempts. By not persisting in ineffective neighborhoods and
instead modifying its search strategy to explore potentially more beneficial areas, the
algorithm optimizes the search process and prevents stagnation within less promising
regions of the solution space. Also, note that due to supplementary assumptions for
service robots, the heuristic for service robots includes visits to recharging stations
as required; hence, the objective value of each solution is computed after integrat-
ing the recharging stations into the existing solution. In other words, throughout
the entire algorithm, including insertion, local search, and shaking, we exclude the
recharge station from the solution. This is because altering the position of nodes
significantly affects the battery level of the robots, which in turn changes both the
necessity and optimal placement of recharging stations. These changes can lead to
infeasible routes that cannot be effectively handled by standard neighborhood oper-
ators. To address this challenge, we design this simple yet effective mechanism that
preserves route feasibility by maintaining compatibility with battery constraints and
recharging requirements. Upon identifying the solution, we incorporate the nearest
recharging station into the route following the designated nodes and subsequently
compute the related objective value of the solution. The pseudo-code of the algo-

rithms are provided in Algorithm 1 and Algorithm 2.
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Algorithm 1 Best Insertion Algorithm

Input: distance_matriz, service_times, assigned_request, new_assigned_request, fired_requests,
fized_nodes, current_route, current_list, depot, trasnporter, robots_list.

Output: best_route, best_cost.

1: if current_route is empty then

2: current_route.append(depot)

3: Append pickup[new_assigned_request] to current_route

4. Append deliveryl[new_assigned_request] to current_route

5: if delivery2[new_assigned_request] is not NaN then

6: Append delivery2[new_assigned_request] to current_route
7:  endif

8: else

9: best_cost < oo

10: best_route + {}

11 for i € (len(fized_requests) — 1, len(current_list) + 1) do

12: temp_route < {}

13: temp_list < current_list

14: Insert new_assigned_request at position ¢ in temp_list

15: Append depot to temp_route

16: for req € temp_list do

17: Append pickup[new_assigned-request| to temp_route
18: Append deliveryl[new_assigned_request] to temp_route
19: if delivery2[new_assigned_request] is not NaN then
20: Append delivery2[new_assigned_request] to temp_route
21: end if

22: end for

23: Append depot to temp_route

24: temp_cost < w1 * compute_travel time(temp_route) + w3z * compute_delay_penalty(temp_route)
25: if temp_cost < best_cost then

26: best_route < temp_route

27: best_cost < temp_cost

28: end if

29: i i+1

30: end for

31: end if

32: best_route, best_cost <+ Swap(best_route, fized_nodes)

33: if transporter € robots_list then

34: best_route < Get RouteWithRechargingStations(best_route)
35 best_cost < w1 * compute_travel_time(best_route) + ws * compute_delay_penalty(best_route)
36: end if

w
g

. return best_route, best_cost
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Algorithm 2 Adaptive Variable Neighborhood Search (AVNS) Algorithm - Routing

Problem

Input: distance_matriz, service_times, robots list , fixed-nodes, initial_route, initial_-cost,

trasnporter, max_iter, max_h, min_success_rate, min_neighborhood_attempts, max_non_improvement.

Output: improved_solution, improved_cost.

1: Initialize neighborhood_success with max_h zeros

2: Initialize neighborhood_attempts with maz_h zeros

3: curren_route < initial_route, improved_route + initial_route, improved_cost < initial_cost

4: iter < 0, no_improvement_count < 0

5: while iter < maz_iter do

6: h+1

7 improvement_found = False

8: while A < maz_h do

9: neighborhood_attempts[h — 1] < neighborhood_attempts[h — 1] + 1

10: new_route < Shake(current_route, h, fized_nodes)

11: Randomly choose one of the local search operators (relocate or swap)

12: new-_solution < LocalSearch(new_solution, fized-nodes)

13: if transporter € robots_list then

14: new_route_with_station < {}

15: (new_route_robot <— Get RouteWith RechargingStations(new_route)

16: new_cost — w1 * compute_travel_time(new_route_robot) +
compute_delay_penalty(new_route_robot)

17: end if

18: new-_cost < wi * compute_travel _time(new_route) + ws * compute_delay_penalty(new_route)

19: if FeasibilityConditions(new_route) = True A new_cost < best_cost then

20: improved_route < new_solution

21: improved_cost < new_cost

22: current_route < new_route

23: neighborhood_success[h — 1] < neighborhood_success[h — 1] + 1

24: improvement_found = True

25: h=1

26: no_tmprovemenr_count = 0

27: else

28: success_rate = neighborhood_success|h — 1]/max(1, neighborhood_attempts[h — 1])

29: if  (success_rate < min_success_rate) A (neighborhood_attempts[h —

min_neighborhood_attempts) then

30: h+«h+2

31: else

32: h+ h+1

33: end if

34: end if

35: end while

36: if improvement_found = False then

37: no_tmprovement_count <— no_improvement_count + 1
38:  endif

39: if no_improvement_count > maz_non_improvement then
40: break

41: end if

42: iter < iter + 1
43: end while

depot,
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45:
46:
47:
48:
49:

if transporter € robots_list then

improved_route <— Get RouteW ithRechargingStations(improved_route)

improved_cost < wixcompute_travel time(improved_route)+ws*compute_delay_penalty(improved_route)
end if

return improved_route, improved_cost
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Chapter 6

NUMERICAL EXPERIMENTS

In this chapter, we provide a series of computational experiments aiming to as-
sess the proposed RIHTP solution approaches. To simulate the unpredictable and
dynamic nature of transportation demands, test instances are generated informed by
real hospital data. Moreover, we utilize the Poisson process only for data generation
in the routing problem to more accurately reflect the reality of the problem. The first
part outlines the dataset generation procedure. Subsequently, to show the efficiency
of the proposed routing heuristic, Best Insertion + VNS, we compare the perfor-
mance of the heuristic to the MILP model. Next, we evaluate the Bayesian Neural
Network (BNN)-based policy for dynamic assignment decisions by benchmarking
it against baseline policies introduced in Appendix B, with particular attention to
transporter utilization and learning progression during training. The integrated
two-phase approach, which combines BNN-based assignment and heuristic routing,
is then compared to established benchmarks, defined in Appendix C, to determine
its effectiveness under real-time operating constraints. Finally, operational insights
are examined, including the advantages of introducing service robots.

The computational runs were conducted on a PC equipped with an 11th Gen
Intel® Core™ i7-11700K CPU @ 3.60 GHz, utilizing a single core, with up to 32 GB
of RAM, running Windows 11 Pro (version 24H2, 64-bit operating system). Gurobi
12.0.1 was used to solve the proposed MILP model, and all other solving procedures
were programmed in Python and compiled on the same computer. For the subset
of experiments where runtime performance was not critical and only the quality of

solutions was evaluated, computations were also conducted on Google Colab using

an NVIDIA A100 GPU.
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6.1 Design of Test Instances

We limit our experiments to the day shift (7:00 a.m. to 4:00 p.m.). The main
set of instances was generated using real data collected from a Turkish hospital,
focusing on request arrivals during regular working hours. Based on the observed
distribution of demand timings within this interval, we fit an appropriate random
distribution to model interarrival times. This baseline set of instances is denoted by
ZHP  Moreover, to better simulate the situation for routing problem assessment in
Section 6.2, We generate instances using a Poisson process. The inter-arrival times
were modeled using an exponential distribution with mean time value of 10 minutes.
This instance set is donated as Z[” /10°

The depots have been chosen as the actual sites within the hospital. For the
recharging station, ten stations are picked based on the outcomes of the p-center
facility location problem. We create a full list of requests for each instance by
randomly shuffling from the available request types to imitate the randomness seen
in real-time demand.

For each request, the nodes were chosen from a total of 372 locations that rep-
resented possible pickup and delivery points in the hospital environment, using a
layered random selection process. For each case, an origin-destination pair was uti-
lized, and therefore, every request was individually related to potential operation
locations.

In this study, the travel times between each pair of locations within the hospital
are methodically calculated using empirical travel times provided by advanced RFID
technology. This method entails averaging travel time obtained from prior porter
movements between multiple locations, hence obtaining the average travel time un-
der normal operational conditions. To refine these empirical estimates and improve
the structural integrity of our travel times data, we use a standard technique that
finds the shortest path between each location pair. The resultant matrix satisfies
the triangular inequality property; that is, the travel time between any two locations
directly is never more than the travel time between them through another location.

Furthermore, this matrix is symmetric, showing the same travel time consistently
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between locations regardless of travel direction.

Moreover, the study involves service times for the requests executed by each of
the nodes in the hospital logistics network. The exact service time is carefully se-
lected based on the nature of the request being done and whether the node serves
as a pickup or delivery point. Especially for pickup points, it takes into account
necessary preparations. For example, in patient transport, service time incorporates
the time required to prepare and load the patient from the ward within the hospital
into a transport vehicle. Conversely, for intermediate nodes that are not endpoints,
service times are adjusted for each request currently under consideration. For ex-
ample, nodes processing Type 3 demands have an expected waiting time that can
be compared to services given a patient in a hospital. On the other hand, nodes
concerned with Type 2 requests to health facilities have a service time to process
the items and order before any extra traveling is allowed. Consequently, a uniform
distribution is assumed for service times, with parameters selected according to the
type of each request.

Various studies have adopted different assumptions regarding the speed of ser-
vice robots, with reported values ranging from 0.2 to 2.1 m/s (meters per second),
whereas the typical walking speed of humans in hospital environments ranges from
0.6 to 1.3 m/s [Rondoni et al., 2024, Aziez et al., 2022, Fragapane et al., 2020].
Nevertheless, to maintain the model’s simplicity, we assume distinct travel speeds
for service robots in order to evaluate their relative efficiency under varying speed
scenarios.

Regarding the energy consumption of service robots, idle energy usage is excluded
from the route optimization model. This simplification is justified by the primary
focus of the study, which is on optimizing assignment and routing decisions rather
than assessing energy efficiency. Furthermore, the assumption is supported by the
practical implementation of energy-saving strategies, such as low-power standby
modes and the deactivation of non-essential subsystems during periods of inactivity.
The operational duration of service robots prior to the need for recharging is a
critical factor that affects the modeling framework. Empirical evidence indicates

that service robots typically maintain functionality for several hours when operated
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continuously. The proposed model assumes a standardized operational duration of
240 minutes for the battery capacity of service robots (hme: = 240 minutes), as
the analysis is restricted to a single working shift and idle energy consumption is
disregarded. For the BL (w) and RL (p) of the (BL, RL) policy, 2% and 75% of
the total capacity have been considered, respectively. In addition, the discharging
rate (r) is assumed to be proportional to the time spent in operation, while the
recharging rate (\) is set at 5% of the total battery capacity per minute.

The slope of the penalty function used to penalize delays in request start time is
assumed to be different across all request types based on their priority or urgency.
That is, three urgency groups have been considered. The first group consists of
patient transportation, where it is crucial to ensure timeliness and comfort, as it
directly affects patient care and satisfaction. The second group involves medical
equipment transportation, which, while important, does not carry the same imme-
diate impact on individual well-being as patient transportation. Lastly, the third
group includes the delivery of medical supplies and administrative documents, where
the priority is lower, allowing for more flexibility in timing without compromising
the overall functionality of healthcare services. Additionally, the model incorpo-
rates a scoring mechanism for each node, which is designed to reflect the relative
effort required for different types of requests. Specifically, nodes involved in patient
or medical equipment transport are assigned a significantly higher score compared
to those handling other types of logistical requests. This differentiation recognizes
the increased complexity and resource commitment necessary for patient and med-
ical equipment transportation, acknowledging the critical nature of these activities
in maintaining patient care standards. Given the considerable size of the hospital
being analyzed, establishing an optimal maximum ride time presents substantial
challenges. To address this issue, we define the maximum permissible ride time as a
specific percent more than the value of the longest direct travel time recorded across
all requests, varying based on the request types. This strategy ensures that the
maximum ride time is both practical and operationally feasible while also providing
a clear benchmark that takes into account the huge hospital’s spatial dimensions

and layout difficulties. Finally, for the weight in the objective function associated
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with each objective, we consider a high value for the total travel time and total delay

objectives since these are the crucial objectives considered by every hospital.

6.2 Numerical Results: Assessing the Best Insertion and AVINS Heuris-
tic for Phase 2

This section systematically assesses the effectiveness and solution quality of the
proposed routing heuristic. To this end, we conduct a comparative analysis between
the heuristic method and the exact solutions obtained through the MILP model
proposed in Chapter 4. The MILP models are solved using Gurobi Optimizer to
create reliable benchmarks. In this regard, the standard Gurobi solver operates
for a complete hour, and the obtained solutions are reported as our benchmark
solutions.

We consider four distinct sets of test instances generated using hospital data,
including 4, 6, 8, and 12 requests, each containing five randomly created instances.
Thus, a total of 20 instances are generated to thoroughly assess the convergence
and efficacy of the suggested routing heuristic under varying conditions. These
numbers are selected since they can cover the potential number of requests that
may be assigned to a transporter during a work shift. It is essential to note that
these instances are challenging because they are subsequent requests and have close
arrival times, which could complicate the optimization of the route. Nevertheless,
Phase 2 could be more easily resolved in the main problem due to assigning requests
to various transporters. We take these challenging instances into account in order to
demonstrate the heuristic’s effectiveness. Moreover, since the routing heuristic is the
same for service robots and porters, differing only in considering recharging stations,
which only impacts objective function calculations, each instance is addressed under
the assumption that a single porter manages all transportation operations.

Additionally, due to the distinction between nodes’ arrival time calculation in
static and dynamic versions, which can significantly influence the solutions obtained,
the experimental instances are conducted using dynamic assumptions to better sim-

ulate real-time intra-hospital transportation settings. Transportation requests are
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assumed to arrive over time, indicating that the porter is unable to start traveling to
a pickup point unless the relevant request has been properly received and known to
the system. Nonetheless, this dynamic arrival assumption is not applicable to Type 3
requests, which refer to pre-scheduled transportation requests. In particular, instead
of using constraint sets 4.8 and 4.57, which were designed under static assumptions,
we introduce a new constraint set 6.1 that explicitly enforces the dynamic arrival
conditions while preserving the correct handling of pre-scheduled (Type 3) requests.
Note that for Type 3 requests, we consider the previous constraint set.

Ay =Y al(t + din) Xonno VYne PveV,je J\Js (6.1)

meN\{n}

In addition, to facilitate greater flexibility and exploration in the route opti-
mization process, no visited nodes are fixed during this series of experiments. This
elimination enables the algorithm to access a broader search space, allowing for
better examination of its effectiveness, which is the main purpose of this section.

Prior to comparing the performance of the proposed heuristic with the MILP
benchmark, a hyperparameter tuning procedure is conducted. The heuristic is gov-
erned by three primary hyperparameters: the maximum number of iterations, the
neighborhood size parameter (h), and the maximum number of iterations allowed
without improvement. We implement a hierarchical tuning approach. As the most
important hyperparameter, the optimal value for the maximum number of iterations
is initially determined, and subsequently, the neighborhood size is explored. Due
to the influence of problem size on solution quality and computational effort, these
parameters are defined as proportional to the problem size, specifically the number
of requests and the total number of associated nodes. The maximum iteration limit
is determined by evaluating values that are 10, 15, 20, and 30 times the number
of nodes. Moreover, the neighborhood size parameter (h) is ranging from of 1, 2,
and 3 times the number of assigned requests. However, the non-improving iteration
threshold is established at a fixed proportion, one-fifth of the number of iterations.
For instance, an instance involving four transportation requests and ten nodes re-
sults in iteration limits of 100, 150, 200, and 300, with corresponding neighborhood
sizes of 4, 8, and 12 and non-improving iteration thresholds of 20, 30, 40, and 60.
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The results of different maximum iterations and neighborhood sizes (h) across
four problem scales, including 4, 6, 8, and 12 requests, each evaluated using 5 in-
stances and 10 replications are reported in Tables 6.1, 6.2, 6.4 and 6.5. Moreover,
Tables 6.3 and 6.6 present the average results aggregated across each problem scale
individually, as well as the overall average across all scales. For each instance, the ob-
jective function value found by Best Insertion, average, standard deviation and per-
centage standard deviation of solutions improved by VNS over 10 replications, aver-
age and maximum runtime, and average percentage improvement over solution found
by Best Insertion are shown in columns Objective, Objective Avg., Objective Std.,
Objective % Std., Runtime Avg., Runtime Mazx., and Objective % Dif ference,
respectively. These metrics evaluate the heuristic in terms of computational effi-
ciency, robustness, and solution quality by systematically varying the hyperparam-
eters.

The results reveal important patterns that inform the selection of an appropri-
ate maximum iteration. At the aggregate level, increasing the maximum iteration
consistently results in a reduction in the average objective values, showing higher
quality of the solution. In particular, the average objective value decreases from
280.42 at 10x to 278.58 at 30x, resulting in a 0.65% gain. This moderate reduction
is accompanied by a significant increase in computational time, with the average run-
time increasing from 56.85 seconds to 140.73 seconds, which is more than double the
computational effort involved. The reduction rate diminishes beyond the threshold
of 20 x |Nodes|. Likewise, although the standard deviation and percentage devi-
ation of objective values decrease gradually as the maximum iteration increases,
suggesting that the solution is more stable, the rate of reduction also levels off after
20 x |Nodes|. As a result, the 20 x |Nodes| setting encompasses nearly the entire
range of achievable improvements in consistency and quality, without the substantial
runtime penalty associated with the more advanced configuration.

This claim is further supporter by individual instance observations. In instance 9
with 8 requests, the heuristic obtains an average objective value of 219.51 under the
10x configuration. However, the standard deviation is quite high at 9.45 (4.31%),

signifying considerable variability. Conversely, the identical case assessed with 20X
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iterations consistently yields objective values under 215 and has no fluctuation,
underscoring a significant enhancement in robustness and convergence. A similar
trend is observed in instance 16, which is one of the most complicated test cases and
contains 12 requests. 30 x |Nodes| configuration yields an objective of 766.82 with
a standard deviation of 0.13 (0.02%). Nonetheless, it necessitates 438.66 seconds
for computation. On the other hand, the 20x arrangement achieves a roughly
equivalent objective (about 766.79) in 30% reduced time. The significant increase in
runtime is not justified by the marginal improvement of less than 0.03 units, which
underscores that beyond a specific iteration threshold, additional computational
effort only provides minimal practical benefit.

The results also indicate advantageous scalability with the rise in problem size.
The average objective values increase proportionately with the number of requests,
indicating the escalating complexity of the solution space as expected. Meanwhile,
the stability of solutions significantly enhances with larger instances. In scenarios
involving 4 requests, percentage deviations often vary from 1.6% to 4%, but in situa-
tions with 12 requests, they usually remain below 0.1%, even at significant iteration
levels. This indicates that the heuristic demonstrates a type of self-regularization
in larger-scale applications. Moreover, while the computational cost inherently es-
calates with problem size, it remains below acceptable limits under the 20X con-
figuration. These patterns collectively confirm that 20 x | Nodes| provides a strong
and efficient equilibrium. It provides substantial improvements in quality and sta-
bility compared to lesser iteration counts, while avoiding the inefficiencies associated
with additional iterations. The uniformity of this behavior across various problem
sizes confirms its broad applicability. Consequently, the default value of maximum
iteration for all subsequent heuristic assessments is established as 20 x |Nodes|.

Complementing this analysis, the neighborhood size parameter h is examined
through controlled experiments using three settings: |Requests|, 2 X |Requests|,
and 3 X |Requests|. All experiments are performed with the examined iteration
configuration of 20 x |Nodes| over the same set of 20 instances. Results demon-
strate that increasing h does not yield significant enhancements in solution quality.

The average objective stays largely unchanged throughout the three configurations:
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279.28 for |Requests|, 279.85 for 2 x |Requests|, and 279.88 for 3 x | Requests|. The
standard deviation for convergence stability diminishes from 2.88 at the baseline set-
ting to 2.47 for the intermediate configuration, subsequently increasing to 3.09 when
h increases to 3 x |Requests|. Percentage deviations exhibit a same pattern, attain-
ing their minimum value (1.42%) at the intermediate neighborhood size while being
elevated at both the lower (1.86%) and higher (2.06%) configurations. These results
indicate that a moderate expansion in neighborhood size might improve consistency,
but excessive growth may result in instability or inefficient search behavior.

Runtime analysis reveals a clear and consistent trend: computational effort grows
substantially with neighborhood size. The average runtime increases from 74.31
seconds at |Requests|, to 107.34 seconds at 2 x |Requests|, and 126.60 seconds at
3 X |Requests|. Maximum runtimes show a parallel trend. This expected rise is
caused by the requirement to evaluate supplementary potential solutions in each
iteration due to the expansion of larger neighborhoods. Yet, the higher computa-
tional burden does not provide proportional improvements in outcomes. Numerous
cases, including instance 3 (consisting of 4 requests) and instance 17 (comprising 12
requests), provide objective values that are either equivalent to or somewhat inferior
to those obtained with lower neighborhood sizes, while requiring significantly more
processing time. These cases illustrate that above a certain threshold, larger neigh-
borhoods may reduce the efficacy of local development and postpone convergence
owing to excessive exploration.

Consequently, the fundamental configuration of k = | Requests| offers the optimal
balance of solution quality, convergence stability, and computing efficiency. The
intermediate setting k = 2 x |Requests| offers a little enhancement in variability;
nevertheless, the benefits are insufficient to justify the increased runtime. The larger
neighborhood size imposes extra computational burden without much benefit and,
in certain instances, it underperforms. Consequently, the baseline neighborhood size
is preserved in the final heuristic configuration.

Overall, for future examinations, we select 20 x |Nodes| as maximum number
of iterations, |Requests| as neighborhood sizes, and 4 x |Nodes| as the maximum

allowed iterations without improvement.
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Table 6.1: The dynamic routing problem results: impact of maximum iteration on heuris-

tic’s performance.

Heuristic Hyperparameters BI BI + VNS Objective
Instance | Request Maximum Neighborhoods Maximum Objective Runtime %
Number | Numbers | Iterations (h) Nonlmproving | Objective | Avg. Std. % Std. Avg. Max | Difference
1 4 10x| Nodes | | Requests | 2x| Nodes | 23.83 23.56  0.42 1.78% 1.14 1.75 1.10%
2 4 10x| Nodes| | Requests | 2x| Nodes | 77.63 7763 000 0.00% 098 127 0.00%
3 4 10x| Nodes | | Requests | 2x| Nodes | 66.06 50.72  7.38  14.55%  3.31 4.79 23.22%
4 4 10x| Nodes | | Requests | 2| Nodes | 26.46 2150 174 8.09% 133 175 18.74%
5 4 10x| Nodes | | Requests | 2x| Nodes | 31.61 31.58  0.09  0.28% 0.98 1.81 0.09%
6 6 10x| Nodes | | Requests | 2x| Nodes | 59.76 55.28  4.04  7.31% 5.40 7.95 7.50%
7 6 10x| Nodes | | Requests | 2x| Nodes | 170.68 170.78  0.00  0.00% 5.32 6.44 0.00%
8 6 10x| Nodes | | Requests | 2x| Nodes | 142.22 141.84  0.49 0.35% 12.82  21.42 0.27%
9 6 10x| Nodes | | Requests | 2x| Nodes | 58.82 57.74 323 5.59% 5.52 9.52 1.83%
10 6 10x| Nodes | | Requests | 2x| Nodes | 116.54 111.44  0.00 0.00% 5.67 7.64 4.38%
1 8 10x| Nodes| | Requests | 2x| Nodes | 24171 | 21951 945  431% 3407  57.30 7.50%
12 8 10x| Nodes | | Requests | 2x| Nodes | 245.56 238.87  2.35 0.98% 24.46  33.87 2.72%
13 8 10x| Nodes | | Requests | 2| Nodes | 31312 | 391.83 479  1.22% 4114 5328 5.15%
14 8 10x| Nodes | | Requests | 2x| Nodes | 127.10 124.61  0.61 0.49% 17.84  23.20 1.96%
15 8 10x| Nodes | | Requests | 2x| Nodes | 294.70 27591 0.00 0.00%  18.75  22.33 6.38%
16 12 10x| Nodes | | Requests | 2x| Nodes | 843.59 766.76  0.00  0.00%  179.90 243.11 9.11%
17 12 10x| Nodes | | Requests | 2x| Nodes | 1019.54 057.94 1843  1.92%  248.02 474.18 6.04%
18 12 10x| Nodes | | Requests | 2x| Nodes | 799.83 777.09  11.05  1.42%  265.68 462.47 2.84%
19 12 10x| Nodes | | Requests | 2x| Nodes | 448.10 435.41  6.34 1.46%  114.41 166.18 2.83%
20 12 10x| Nodes | | Requests | 2x| Nodes | 705.25 678.41  0.00 0.00% 150.26  194.66 3.81%
1 4 15%| Nodes | | Requests | 3x| Nodes | 23.83 2339 046  1.98% 1.79 2.95 1.84%
2 4 15x| Nodes | | Requests | 3x| Nodes | 77.63 77.63  0.00  0.00% 1.50 1.98 0.00%
3 4 15x| Nodes | | Requests | 3x| Nodes | 66.06 50.28  7.52  14.97%  4.06 4.82 23.89%
4 4 15x| Nodes | | Requests | 3x| Nodes | 26.46 2316  2.85 12.29%  41.76 2.61 12.49%
5 4 15%| Nodes | | Requests | 3x| Nodes | 31.61 3155 012 0.37% 15 2.02 0.18%
6 6 15%| Nodes| | Requests | 3x| Nodes | 59.76 5147 384 746% 843 1132 | 13.87%
7 6 15x| Nodes | | Requests | 3x| Nodes | 170.68 170.68  0.00  0.00% 7.96 10.18 0.00%
8 6 15%| Nodes | | Requests | 3x| Nodes | 142.22 141.68 1.11  0.78% 1816  30.14 0.38%
9 6 15%| Nodes | | Requests | 3x| Nodes | 58.82 58.22 163  281% 694 979 1.02%
10 6 15x| Nodes | | Requests | 3x| Nodes | 116.54 111.44  0.00  0.00% 7.40 8.78 4.38%
11 8 15%| Nodes | | Requests | 3x| Nodes | 241.71 217.16 553  2.53%  49.04  83.75 10.16%
12 8 15x| Nodes | | Requests | 3x| Nodes | 245.56 238.13  0.00  0.00%  35.00 44.10 3.03%
13 8 15%| Nodes| | Requests | 3x| Nodes | 41312 | 380.80 3.66  0.94% 5143  63.46 5.64%
14 8 15x| Nodes | | Requests | 3x| Nodes | 127.10 112.16  4.08  3.34%  29.69  41.15 3.89%
15 8 15x| Nodes | | Requests | 3x| Nodes | 294.70 276.34  1.39 0.50% 25.56  31.10 6.23%
16 12 15x| Nodes | | Requests | 3x| Nodes | 843.56 766.88  0.15 0.02%  263.22 326.20 9.09%
17 12 15x| Nodes | | Requests | 3x| Nodes | 1019.54 971.06 23.04 237%  284.19 372.18 4.76%
18 12 15x| Nodes | | Requests | 3x| Nodes | 799.83 TTLIT 16.15  2.09% - 332.87 473.11 3.58%
19 12 15x| Nodes | | Requests | 3x| Nodes | 448.10 428.67 4.87  1.14%  157.51 191.40 4.33%
20 12 15x| Nodes | | Requests | 3x| Nodes | 705.25 67841 0.00  0.00%  198.10 241.96 3.81%
1 4 20x| Nodes | | Requests | 4x| Nodes | 23.83 23.39  0.46 1.97% 2.17 3.15 1.84%
2 4 20x| Nodes| | Requests | 4x| Nodes | 77.63 7763 000  000% 191 2.30 0.00%
3 4 20x| Nodes | | Requests | 4x| Nodes | 66.06 4758 494 10.38%  4.98 7.62 27.97%
4 4 20x| Nodes | | Requests | 4x| Nodes | 26.46 21.5 1.74 8.09% 2.14 2.97 18.75%
5 4 20x| Nodes| | Requests | 4x| Nodes | 31.61 3153 014 044% 184 270 0.25%
6 6 20x| Nodes | | Requests | 4x| Nodes | 59.76 52.80  2.62  4.96% 9.66  14.44 11.65%
7 6 20x| Nodes | | Requests | 4x| Nodes | 170.68 170.68  0.00 0.00% 10.77 13.87 0.00%
8 6 20x| Nodes | | Requests | 4x| Nodes | 142.22 140.44 152 1.08%  32.36  49.97 1.25%
9 6 20x| Nodes | | Requests | 4x| Nodes | 58.82 5826 143  2.45% 9.63 14.54 0.95%
10 6 20x| Nodes | | Requests | 4x| Nodes | 116.54 111.44  0.00  0.00% 9.73 11.71 4.38%
11 8 20| Nodes| | Requests | 4x| Nodes | 24171 | 21495 021  0.10%  60.98 109.06 | 11.07%
12 8 20x| Nodes | | Requests | 4x| Nodes | 245.56 238.13  0.00  0.00%  45.79  65.18 3.03%
13 8 20x| Nodes | | Requests | 4x| Nodes | 413.12 390.89  4.62 1.18% 72.52  100.18 5.38%
14 8 20%| Nodes| | Requests | 4x| Nodes | 12710 | 12364 094  0.76% 4212 60.13 2.72%
15 8 20x| Nodes | | Requests | 4x| Nodes | 294.70 275.91  0.00 0.00% 33.38 46.4 6.38%
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Table 6.2: The dynamic routing problem results: impact of maximum iteration on heuris-

tic’s performance.-Cont’d

Heuristic Hyperparameters BI BI + VNS Objective
Instance | Request Maximum  Neighborhoods Maximum Objective Runtime %
Number | Numbers | Iterations (h) NonlImproving | Objective | Avg. Std. % Std. Avg. Max | Difference
16 12 20x| Nodes | | Requests | 4x| Nodes | 843.59 766.79  0.09 0.01%  322.58  496.40 9.10%
17 12 20x| Nodes | | Requests | 4x| Nodes | 1019.54 962.07 20.73  2.15%  425.25 609.74 5.64%
18 12 20x| Nodes | | Requests | 4x| Nodes | 799.83 763.19 1731 2.27%  513.43  766.87 4.58%
19 12 20x| Nodes | | Requests | 4x| Nodes | 448.10 436.36  0.88  0.20%  229.01 314.44 2.62%
20 12 20x| Nodes | | Requests | 4x| Nodes | 705.25 678.41  0.00 0.00%  244.39  272.52 3.81%
1 4 30x| Nodes | | Requests | 6x| Nodes | 23.83 23.12 0.37 1.60% 3.10 3.91 2.95%
2 4 30x| Nodes| | Requests | 6| Nodes | 77.63 7763 000  0.00%  3.09 3.7 0.00%
3 4 30x| Nodes | | Requests | 6x| Nodes | 66.06 45.60  0.00  0.00% 6.63 8.93 30.96%
4 4 30x| Nodes | | Requests | 6x| Nodes | 26.46 20.95 0.00  0.00% 3.10 3.84 20.82%
5 4 30x| Nodes | | Requests | 6x| Nodes | 31.61 3139 012 0.38% 3.24 3.89 0.71%
6 6 30x| Nodes | | Requests | 6x| Nodes | 59.76 50.44  3.14  6.23%  14.07 2294 15.59%
7 6 30x| Nodes | | Requests | 6x| Nodes | 170.68 170.68  0.00 0.00% 15.81 17.40 0.00%
8 6 30x| Nodes | | Requests | 6x| Nodes | 142.22 141.74  0.50  0.35%  37.40  53.54 0.33%
9 6 30x| Nodes | | Requests | 6x| Nodes | 58.82 55.49  4.62  833% 18,59  53.50 5.66%
10 6 30x| Nodes | | Requests | 6x| Nodes | 116.54 111.44  0.00 0.00% 13.62 16.03 4.38%
11 8 30x| Nodes | | Requests | 6x| Nodes | 241.71 214.56  0.30 0.14% 107.50  174.09 11.23%
12 8 30x| Nodes | | Requests | 6x| Nodes | 245.56 238.13  0.00 0.00%  58.68 64.42 3.03%
13 8 30x| Nodes | | Requests | 6x| Nodes | 413.12 387.04 240  0.62%  101.90 126.87 6.31%
14 8 30x| Nodes | | Requests | 6x| Nodes | 127.10 12251 425  347%  56.13  174.98 3.61%
15 8 30x| Nodes | | Requests | 6x| Nodes | 294.70 276.34 1.39  0.50%  47.42  152.69 6.23%
16 12 30x| Nodes | | Requests | 6x| Nodes | 843.59 766.82  0.13 0.02%  438.66  485.00 9.10%
17 12 30x| Nodes | | Requests | 6x| Nodes | 1019.54 962.07 20.73  2.15%  553.62 721.24 5.64%
18 12 30x| Nodes | | Requests | 6x| Nodes | 799.83 766.54 12.21  1.59%  696.76 1037.24 4.16%
19 12 30x| Nodes| | Requests | 6x| Nodes | 488.10 | 430.69 586  1.36% 27151 322.38 3.88%
20 12 30x| Nodes | | Requests | 6x| Nodes | 705.25 678.41  0.00 0.00%  363.75 411.14 3.81%
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Table 6.3: Summary: impact of maximum iteration on heuristic’s performance.

Heuristic Hyperparameters BI + VNS Avg. Objective
Request | Maximum Neighborhoods Maximum Objective Runtime %
Numbers | Iterations (k) NonImproving | Avg. Std. % Std. Avg. Max Difference
4 10x| Nodes | | Requests | 3x| Nodes | 41.00 193  4.94% 1.55 2.27 8.63%
4 15x| Nodes | | Requests | 3x| Nodes | 4120 219 5.92% 2.12 2.88 7.68%
4 20%| Nodes | | Requests | 4x| Nodes | 40.33 146  4.18% 2.61 3.75 9.76%
4 30x| Nodes | | Requests | 6x| Nodes | 39.74 010  0.40% 3.83 4.87 11.09%
6 10x| Nodes | | Requests | 2x| Nodes | 10742  1.55  2.65% 6.95 10.59 2.80%
6 15x| Nodes | | Requests | 3x| Nodes | 106.70  1.32  2.21% 9.78  14.04 3.93%
6 20x| Nodes | | Requests | 4x|Nodes| | 10672 111 1.70% 1443  20.91 3.65%
6 30x| Nodes | | Requests | 6x| Nodes | 105.96 1.65  2.98%  19.90  32.68 5.19%
8 10x| Nodes | | Requests | 2x| Nodes | 250.15 3.44  1.40%  27.25  38.00 4.74%
6 15x| Nodes | | Requests | 3x| Nodes | 248.72 293  1.46% 3814  52.71 5.79%
8 20x| Nodes | | Requests | 4x| Nodes | 248.70 1.15  0.41%  50.96  76.19 5.72%
8 30x| Nodes | | Requests | 6x| Nodes | 24772 1.67  0.95%  74.33 138.61 6.08%
12 10x| Nodes | | Requests | 3x| Nodes | 72312 716  0.96% 191.65 308.12 4.93%
12 15%| Nodes| | Requests | 3x| Nodes| | 72324 884 1.12% 247.18 320.99 5.11%
12 20x| Nodes | | Requests | 4x| Nodes | 721.36  7.80 1.16%  346.93 491.99 5.15%
12 30x| Nodes| | Requests | 6x| Nodes| | 72091 7.79  1.03% 464.86 595.54 5.32%
Total 10x| Nodes | | Requests | 2x| Nodes | 280.42 352  249%  56.85 89.74 5.28%
Total 15x| Nodes | | Requests | 3x| Nodes | 279.97 382  2.68% 103.73 148.21 5.63%
Total 20%| Nodes | | Requests | 4x| Nodes | 279.28 288  1.86%  74.31  97.66 6.07%
Total 30x| Nodes | | Requests | 6x| Nodes | 278.58 2.8  1.34%  140.73 192.92 6.92%
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Table 6.4: The dynamic routing problem results: impact of neighborhood size (h) on

heuristic’s performance.

Heuristic Hyperparameters BI BI + VNS Objective

Instance | Request Maximum Neighborhoods Maximum Objective Runtime Percentage

Number | Numbers | Iterations (h) NonImproving | Objective | Avg. Std. % Std. Avg. Max Difference
1 4 20x| Nodes | | Requests | 4x| Nodes | 23.83 23.39 046  0.00% 2.17 3.15 1.84%
2 4 20x| Nodes | | Requests | 4x| Nodes | 77.63 77.63 0.00  0.00% 1.91 2.30 0.00%
3 4 20%| Nodes | | Requests | 4x| Nodes | 66.06 4758 494 0.00% 498  7.62 27.97%
4 4 20x| Nodes | | Requests | 4x| Nodes | 26.46 21.5 174 0.00% 2.14 2.97 18.75%
5 4 20x| Nodes | | Requests | 4x| Nodes | 31.61 31.53 0.14  0.00% 1.84 2.70 0.25%
6 6 20x| Nodes | | Requests | 4x| Nodes | 59.76 52.80  2.62  0.00% 9.66 14.44 11.65%
7 6 20x| Nodes | | Requests | 4x| Nodes | 170.68 170.68  0.00  0.00%  10.77 13.87 0.00%
8 6 20x| Nodes | | Requests | 4x| Nodes | 142.22 14044 1.52  0.00% 3236 49.97 1.25%
9 6 20%| Nodes | | Requests | 4x| Nodes | 58.82 5826 143 0.00%  9.63 1454 0.95%
10 6 20x| Nodes | | Requests | 4x| Nodes | 116.54 111.44  0.00  0.00% 9.73 11.71 4.38%
11 8 20x| Nodes | | Requests | 4x| Nodes | 241.71 214.95 0.21 0.00% 60.98 109.06 11.07%
12 8 20x| Nodes | | Requests | 4x| Nodes | 245.56 238.13  0.00  0.00%  45.79  65.18 3.03%
13 8 20%| Nodes | | Requests | 4x| Nodes | 41312 | 390.89 462 0.00% 7252  100.18 5.38%
14 8 20x| Nodes | | Requests | 4x| Nodes | 127.10 123.64 094  0.00% 4212  60.13 2.72%
15 8 20%| Nodes | | Requests | 4x| Nodes | 20470 | 27591 000  0.00%  33.38 464 6.38%
16 12 20x| Nodes | | Requests | 4x| Nodes | 843.59 766.79  0.09 0.00%  322.58  496.40 9.10%
17 12 20%| Nodes | | Requests | 4x| Nodes | 1019.54 962.07  20.73  0.00%  425.25 609.74 5.64%
18 12 20x| Nodes | | Requests | 4x| Nodes | 799.83 763.19 1731 0.00%  513.43  766.87 4.58%
19 12 20%| Nodes | | Requests | 4x| Nodes | 4810 | 43636  0.88  0.00% 22901 314.44 2.62%
20 12 20x| Nodes | | Requests | 4x| Nodes | 705.25 678.41  0.00 0.00%  244.39  272.52 3.81%
1 4 20%| Nodes | 2x| Requests | 4x| Nodes | 23.83 2321 042  1.83% 296 468 2.58%
2 4 20x| Nodes | 2x| Requests | 4x| Nodes | 77.63 77.63  0.00  0.00% 2.62 3.31 0.00%
3 4 20%| Nodes | 2x| Requests | 4x| Nodes | 66.06 45.60 000 0.00% 647 845 30.96%
4 4 20| Nodes | 2x| Requests | 4x| Nodes | 26.46 21,50  1.74  8.10% 2.84 3.60 18.74%
5 4 20%| Nodes | 2x| Requests | 4x| Nodes | 31.61 3153 014 043% 233 351 0.27%
6 6 20| Nodes | 2x| Requests | 4x| Nodes | 59.76 51.06  3.12  6.11% 1152  14.16 14.56%
7 6 20%| Nodes | 2x| Requests | 4x| Nodes | 170.68 | 170.68 000  0.00% 1313  15.15 0.00%
8 6 20x| Nodes | 2x| Requests | 4x| Nodes | 142.22 141.14 135 0.96% 2795  35.76 0.76%
9 6 20%| Nodes | 2x| Requests | 4x| Nodes | 58.82 85.58 032  055% 1072 17.98 0.40%
10 6 20x| Nodes |  2x| Requests | 4x| Nodes | 116.54 111.44  0.00  0.00%  11.45 13.32 4.38%
11 8 20%| Nodes | 2x| Requests | 4x| Nodes | 24171 | 21487 024 0.11%  68.66  120.19 11.10%
12 8 20x| Nodes |  2x| Requests | 4x| Nodes | 245.56 23813 0.00  0.00% 51.25 7291 3.03%
13 8 20%| Nodes | 2x| Requests | 4x| Nodes | 41312 | 39121 531  1.36%  79.86  118.82 5.30%
14 8 20x| Nodes |  2x| Requests | 4x| Nodes | 127.10 12253  4.22 345%  46.31 75.58 3.60%
15 8 20%| Nodes | 2x| Requests | 4x| Nodes | 20470 | 27634 139 0.50%  38.14 5093 6.23%
16 8 20x| Nodes |  2x| Requests | 4x| Nodes | 843.59 766.79  0.09  0.01%  320.48 410.37 9.10%
17 8 20x| Nodes | 2x| Requests | 4x| Nodes | 1019.54 966.77 2251 2.33%  347.65 395.65 5.18%
18 8 20x| Nodes |  2x| Requests | 4x| Nodes | 799.83 77462 1489  1.92%  547.86  1090.22 3.15%
19 8 20%| Nodes | 2x| Requests | 4x| Nodes | 4810 | 43487 336 0.77% 26813  465.56 2.95%
20 8 20x| Nodes | 2x| Requests | 4x| Nodes | 705.25 4678.32  0.19 0.03%  276.50  314.03 3.82%
1 4 20%| Nodes | 3x| Requests | 4x| Nodes | 23.83 2321 042  181% 332 416 2.60%
2 4 20x| Nodes |  3x| Requests | 4x| Nodes | 77.63 7763 0.00  0.00% 3.26 4.09 0.00%
3 4 20%| Nodes | 3x| Requests | 4x| Nodes | 66.06 4716 491 1041% 675 1221 28.61%
4 4 20%| Nodes | 3x| Requests | 4x| Nodes | 26.46 2150 174 8.10% 344 423 18.75%
5 4 20%| Nodes | 3x| Requests | 4x| Nodes | 31.61 3147 015  048% 317 470 0.44%
6 6 20x| Nodes |  3x| Requests | 4x| Nodes | 59.76 51.08 287  5.61%  13.14 = 2147 14.52%
7 6 20%| Nodes | 3x| Requests | 4x| Nodes | 170.68 | 170.68 000  0.00% 1469  18.09 0.00%
8 6 20x| Nodes |  3x| Requests | 4x| Nodes | 142.22 141.58  1.10  0.78%  31.03 51.02 0.45%
9 6 20%| Nodes | 3x| Requests | 4x| Nodes | 58.82 5840 090  1.54% 1408 2039 0.71%
10 6 20x| Nodes | 3x| Requests | 4x| Nodes | 116.54 11144 0.00  0.00%  14.10 16.04 0.71%
11 8 20%| Nodes | 3x| Requests | 4x| Nodes | 24171 | 21500 016  0.07% 6626 9135 11.05%
12 8 20x| Nodes |  3x| Requests | 4x| Nodes | 245.56 23887 235  0.98%  57.36 63.05 2.72%
13 8 20%| Nodes | 3x| Requests | 4x| Nodes | 41312 | 38757 410  1.06%  89.53  132.29 6.19%
14 8 20x| Nodes | 3x| Requests | 4x| Nodes | 127.10 122.74 430  350%  45.38 57.70 3.43%
15 8 20%| Nodes | 3x| Requests | 4x| Nodes | 20470 | 27591 430  1.55% 4463 5135 6.38%
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Table 6.5: The dynamic routing problem results: impact of neighborhood size (h) on

heuristic’s performance.-Cont’d

Heuristic Hyperparameters BI BI + VNS Objective
Instance | Request Maximum Neighborhoods Maximum Objective Runtime Percentage
Number | Numbers | Iterations (h) NonImproving | Objective | Avg. Std. % Std. Avg. Max Difference
16 12 20x| Nodes | 3x| Requests | 4x| Nodes | 843.59 766.85 0.14  0.02%  381.30  539.66 9.10%
17 12 20x| Nodes | 3x| Requests | 4x| Nodes | 101954 | 962.32 2111 2.19%  585.20  674.90 5.61%
18 12 20x| Nodes | 3x| Requests | 4x| Nodes | 799.83 766.77 1544  2.01% 595.11  1076.08 4.13%
19 12 20x| Nodes | 3x| Requests | 4x| Nodes | 44810 | 434.96  4.93  1.13% 26731 381.29 2.93%
20 12 20x| Nodes |  3x| Requests | 4x| Nodes | 705.25 678.41  0.00  0.00%  286.86 327.89 3.81%

Table 6.6: Summary: impact of neighborhood size (h) on heuristic’s performance.

Heuristic Hyperparameters BI + VNS Avg. Objective
Request | Maximum  Neighborhoods Maximum Objective Runtime %
Numbers | Iterations (k) NonImproving | Avg. Std. % Std. Avg. Max Difference
4 20x| Nodes | | Requests | 4x| Nodes| | 4033 146 418% 261  3.75 9.76%
4 20x| Nodes | 2x| Requests | 4x| Nodes | 39.89 046  2.07% 3.44 4.71 10.51%
4 20x| Nodes |  3x| Requests | 4x| Nodes | 4099 144  4.16% 3.99 5.88 10.48%
6 20x| Nodes | | Requests | 4x| Nodes | 106.72  1.11  1.70%  14.43 2091 3.65%
6 20x| Nodes |  2X| Requests | 4x| Nodes | 106.58 096  1.52% 1495  19.27 4.02%
6 20x| Nodes |  3x| Requests | 4x| Nodes | 106.24 1.17  1.59%  17.81  25.80 3.28%
8 20x| Nodes | | Requests | 4x| Nodes | 248.70 1.15  0.41%  50.96  76.19 5.72%
8 20x| Nodes |  2x| Requests | 4x| Nodes | 248.62 223  1.08% 5884  87.69 5.85%
8 20x| Nodes |  3x| Requests | 4x| Nodes | 248.82 344  1.43%  60.63  79.75 5.15%
12 20x| Nodes | | Requests | Ax| Nodes| | 721.36 7.80 1.16% 346.93 491.99 5.15%
12 20x| Nodes |  3x| Requests | 4x| Nodes | 724.32 821  1.01%  352.12 535.17 4.84%
12 20x| Nodes | 3| Requests | 4x| Nodes| | 72146 832 1.07% 423.96 599.96 5.12%
Total 20%| Nodes | | Requests | 4x| Nodes | 279.28 288  1.86%  74.31  97.66 6.07%
Total 20x| Nodes |  2x| Requests | 4x| Nodes | 279.85 247  1.42% 107.34 161.21 6.31%
Total | 20x| Nodes|  3x| Requests | 4x| Nodes| | 279.88 3.09 206% 126.60 177.85 6.01%

Next, we assess the performance of the suggested heuristic by comparing it with
the optimal solutions derived from the MILP model. We use the same 15 instance
that we employed to tune the hyperparameters. In addition to the 15 instances
analyzed in the preceding part, we generate and evaluate an additional set of 15
instances to further verify the robustness and generalizability of the heuristic. These
additional instances are generated with an exponential distribution to represent
interarrival times between transportation requests, with mean value of 10 minutes.
The second set of instances more accurately simulates the assignment situation in

real-time with several transporters, where requests are assigned to a transporter
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with longer intervals between arrivals.

We do not report the results for instances with 12 requests, as the MILP model
fails to produce competitive solutions or, in some cases, even a feasible one. De-
spite allocating a time limit of two hours and providing warm-start solutions derived
from the NoRel heuristic, mainly designed for integer programming models in which
solving the root linear relaxation poses significant difficulty [Gurobi Optimization,
LLC, 2024], the solver often fails to converge to feasible or high-quality outcomes.
Moreover, our computational experiments reveal that the linear relaxation provides
very loose lower bounds, resulting in a substantial optimality gap throughout most
of the branch-and-bound process. In several instances, the optimality gap remains
above 30% even in the final iterations. Given these persistent computational chal-
lenges and the fact that the 12-request instances represent the largest-scale settings
we tested, many of which lead to such problematic assignments, we exclude these
cases from our reported results.

Tables 6.7 and 6.8 present a comprehensive comparison between the heuristic
solution approach and the exact MILP model, with a focus on both solution qual-
ity and computational efficiency. The evaluation metrics include the absolute and
percentage differences in objective values, as well as the runtime ratio, which is com-
puted as the ratio of the MILP runtime to the BI+VNS runtime. These differences
are calculated relative to the MILP outcomes and are reported using minimum,
maximum, and average values across individual instance sets as well as the entire
dataset.

Across small-scale ZH#¥ instances with 4 requests, the BI4+VNS heuristic achieves
high solution fidelity, with an average objective value deviation of just 1.91%, ranging
from exact matches to a maximum of 4.34%. Similarly, for Z11) /10 instances of the
same size, the heuristic attains nearly identical solutions in all cases, with an average
gap of only 0.35% and several instances reporting a 0.00% difference. These results
highlight the accuracy of BI4+VNS in smaller problem settings.

In terms of computational efficiency, BI+VNS offers substantial speed advantages
in this regime. Runtime ratios for 4-request instances average 0.19 (Z#7) and 0.23

(5 /10)» indicating that MILP executes slightly faster in absolute time for these
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small problems. However, the heuristic’s performance remains acceptable, particu-
larly considering that solution quality is not compromised and runtime remains in
the sub-second to few-second range.

As the problem size increases to 6 requests, the relative advantages of BI+VNS
become more apparent. In the Z”F group, the average objective gap increases to
7.94%, primarily driven by a few outliers, such as Instance 9, where the heuristic
deviates by 23.54%. Nevertheless, the heuristic maintains high accuracy in the
majority of instances, with the smallest gap at just 1.24%. For .7 /10 Instances
with 6 requests, BI+VNS matches the MILP solutions exactly across all tested cases,
reflecting a 0.00% average gap. Notably, MILP runtimes increase dramatically in
this setting, with one instance requiring over 32 minutes (Instance 6), while BI+VNS
solves all instances in under 18 seconds. The resulting runtime ratios average 7.96
(Z"7) and 42.28 (I ),), with peaks exceeding 198x in the most extreme case.
These results emphasize the superior scalability of the heuristic.

For 8-request instances, MILP’s limitations become more severe. While it man-
ages to solve all Z% instances and four of the five Z;'") | problems, it requires
the full 3600-second time limit in most cases. Despite this, the heuristic achieves
an average gap of just 3.51% (Z"") and 1.75% (Z{’) ), with one instance even
slightly outperforming the MILP solution (Instance 15, ZF: -0.45%; Instance 11,
Exp: -3.06%). Runtime ratios escalate drastically in this group, with averages of
76.12 (ZH7) and 63.39 (If:ﬁ/w), and maximum values reaching 107.85 and 117.92,
respectively. These figures underscore the practical infeasibility of using MILP for
medium-to-large problems and the significant computational benefit of BI+VNS.

From a statistical perspective, BI+VNS achieves an overall average objective
difference of 4.45% for Z¥ instances and just 0.70% for Z{ % /10> demonstrating
greater robustness on non-uniform request distributions. The maximum observed
difference (23.54%) is isolated, and the heuristic performs within 3% of optimality
in most cases. The corresponding average runtime ratios—28.09 for Z#% and 35.30
for Exp—illustrate the extreme computational advantage of the heuristic, especially
for larger instances.

Overall, the BI+VNS heuristic demonstrates strong performance across a wide
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range of problem settings. It achieves near-optimal solutions in most small- and
medium-scale cases and consistently outperforms MILP in terms of runtime. The
heuristic is particularly effective on stochastic instance sets, where MILP struggles
with numerical and combinatorial complexity. These findings reinforce the practical
applicability of BI+VNS in our real-time transportation contexts, where timely and

reliable decisions are critical and exact methods are computationally infeasible.

Table 6.7: Comparison of MILP with time limit and BI+VNS performance across

problem instances

Type Number of Requests | Instance MILP-TL BI4+ VNS Obj % Diff | Runtime Ratio
Objective Runtime | Objective Runtime

1 22.94 0.46 23.39 2.17 1.96% 0.21

2 77.63 0.25 77.63 1.91 0.00% 0.13

4 3 45.60 0.23 47.58 4.98 4.34% 0.05
4 20.95 0.40 21.50 2.14 2.63% 0.19

5 31.33 0.71 31.53 1.84 0.64% 0.39

6 47.90 87.11 52.80 9.66 10.23% 9.02

7 165.96 119.07 170.68 10.77 2.84% 11.06

THP 6 8 138.72 26.31 140.44 32.36 1.24% 0.81
9 47.16 139.43 58.26 9.63 23.54% 14.48

10 109.42 43.15 111.44 9.73 1.85% 4.43

11 212.99 3600.00 214.95 60.98 0.92% 59.04

12 232.40 3600.00 238.13 45.79 2.47% 78.62

8 13 382.48 3600.00 390.89 72.52 2.20% 49.64
14 109.98 3600.00 123.64 42.12 12.42% 85.47
15 277.15 3600.00 275.91 33.38 -0.45% 107.85

1 24.58 0.79 25.01 1.60 1.73% 0.49

2 42.68 0.81 42.68 2.64 0.00% 0.31

4 3 24.77 0.11 24.77 1.52 0.00% 0.07
4 16.93 0.31 16.93 1.63 0.00% 0.19

5 56.30 0.29 56.30 2.75 0.00% 0.11

6 71.32 1971.36 71.32 9.96 0.00% 198.01

7 63.23 213.96 63.23 17.04 0.00% 12.55

8 o 6 8 73.63 0.65 73.63 10.79 0.00% 0.06
9 27.59 34.69 27.59 10.59 0.00% 3.27

10 78.96 2.49 78.97 14.63 0.00% 0.17
11 119.38 3600.00 115.73 30.53 -3.06% 117.92

12 141.23 3600.00 145.05 63.77 2.711% 56.46

8 13 98.57 50.95 98.62 44.89 0.05% 1.13
14 39.80 3600.00 40.81 32.81 2.55% 109.73

15 86.79 3600.00 92.43 59.40 6.50% 31.73
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Table 6.8: Statistical comparison of BI + VNS and MILP with time limit solutions across

different problem sizes.

Instance Set Performance Metric Stats Number of Requests Total %
4 requests | 6 requests | 8 requests Diff.
Avg. 1.91% 7.94% 3.51% 4.45%
Objective Value % Difference | Min. 0.00% 1.24% -0.45% 0.26%
Lhp Max. 4.34% 23.54% 12.42% 13.43%
Avg. 0.19 7.96 76.12 28.09
Runtime Ratio Min. 0.05 0.81 49.64 16.83
Max. 0.39 14.48 107.85 40.91
Avg. 0.35% 0.00% 1.75% 0.70%
Objective Value % Difference | Min. 0.00% 0.00% -3.06% -1.02%
7p Max. 1.73% 0.00% 6.50% 2.74%
A=1/10 Avg. 0.23 42.28 63.39 35.30
Runtime Ratio Min. 0.07 0.06 1.13 0.42
Max. 0.31 198.01 117.92 105.41

6.3 Numerical Results: Assessing the BNN-based Policy for Phase 1

This section illustrates the progression of learning that takes place during the train-
ing of the DQN and provides the results of a comparison between the learned policies

and the baseline policies in terms of transporter utilization and performance.

6.5.1 Baseline Policies

To evaluate the effectiveness of the learned assignment policy Wg%y]ffsmn, we establish

a comparative framework based on a set of representative baseline policies. These
baseline policies serve as benchmarks, providing reference points against which the
relative performance of wg’g/]@sw” can be measured. Specifically, we define three
baseline policies: a randomized policy, a heuristic policy, NN-based policy, and hos-
pital’s operational policy, denoted by Trandomized, Theuristic, ngﬁ’mi”“”c, and Thospital
respectively. These policies are selected to reflect varying levels of operational so-
phistication, from naive allocation to context-aware assignment strategies, and col-

lectively function as straw man baselines for empirical evaluation. The explanations

of these policies are summarized in Table 6.9. However, thorough explanations are
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provided in Appendix B.

Table 6.9: Summary of baseline policies and their characteristics.

Policy Name Notation | Brief Explanation

Randomized Policy | Trandomizea | Assigns a transporter to each request uniformly at

random, providing a naive benchmark.

Heuristic Policy T heuristic Uses a weighted cost function based on workload,
travel time, and delay to choose the best trans-

porter.

NN-based Policy ngﬂmm“”c Employs a standard DQN using the same features
as the BNN, assigning the request to the trans-

porter with the highest estimated Q-value.

Hospital Policy Thospital Reflects the actual hospital strategy; assigns re-
quests based on proximity and current trans-

porters states.

6.5.2 Features

A structured representation of the system state is employed to train the DQN in
our experimental setup. This representation includes three categories of features:
temporal, request-specific, and transporter-related.

Given a state Sy, the temporal component is captured by the scalar feature t;,
representing the current time at which the decision must be made. This inclusion
enables the agent to acquire policies that are responsive to the dynamics of request
accumulation and service constraints over the planning horizon, as well as to the
progression of time.

To characterize the operational status of the transporters in state Si, we extract
and encode a collection of aggregate performance metrics consisting of the cumula-
tive travel time, total workload, and accumulated delay penalties that are linked to
the current and future assignments of each transporter. These features are essential
for the agent to make decisions that are equitable in the distribution of workloads,

route efficiency, and delay minimization.
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In addition to temporal and transporter-specific information, features that char-
acterize the properties of the incoming service request are encoded in the state
representation. In order to achieve this, we have implemented a categorical feature
that specifies the nature of the received request. This feature enables the agent
to distinguish between request priorities, service time distributions, and capacity

constraints.

6.3.3 Training Settings

To have an uncertainty-aware agent that is able to capture stochastic conditions,
a Deep Q-Network (DQN) modeled as a multilayer perceptron within a Bayesian
Neural Network (BNN) framework is employed. The DQN architecture consists
of Bayesian linear layers, each containing /NVy,qes neurons across Njgyers hidden lay-
ers, followed by an output layer with | X (Sy)| neurons. In contrast to deterministic
DQN, which generates fixed estimates of Q-values, BNNs maintain a distribution
of weights and biases, enabling the model to determine its confidence in the value
estimates. Each layer in the BNN is implemented using a Bayesian linear transforma-
tion, where the parameters are modeled as independent Gaussian random variables.

Specifically, for each weight w and bias b, the posterior distribution is approximated

2
w

as q(w) = N (w,02) and q(b) = N (u, o). However, to guarantee that the stan-
dard deviation o, remains positive and numerically stable, we reparameterize it via
softplus transformation o,, = log (1 + e”*), where p,, is an unfixed learnable param-
eter. This technique is a common formulation employed in variational BNNs, as it
enables direct optimization through gradient-based methods [Blundell et al., 2015].

During the forward pass, weights are sampled via the reparameterization trick,
W = iy + 0y €, where € ~ N (0, 1), which allows the sampling process to be differen-
tiable and thus compatible with backpropagation [Kingma et al., 2013]. The sampled
weights are then used to compute linear activations, which are passed through a non-
linear activation function. In order to preserve gradient flow in negative activation

regimes and to decrease the prevalence of inactive (”dead”) neurons, which can di-

minish uncertainty propagation in deep Bayesian networks, LeakyReLU is selected
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over the standard ReLU [Tempczyk et al., 2022].

To further promote generalization and capture model uncertainty, we apply
Monte Carlo (MC) Dropout after each layer during training, following the Bayesian
approximation perspective proposed in [Gal and Ghahramani, 2016]. In fact, at
training time, the network performs a stochastic forward passes, with a stochas-
tic realization of weights and dropout masks. The Q-value for a state-action pair
(Sk, ) is then estimated. This ensemble-like behavior helps calibrate confidence
intervals around the predicted Q-values. However, due to the computational expense
of calculating all potential actions in a state, we opt to greedily consider N actions in
each state instead. This selection examines a weighted sum of the state vector asso-
ciated with each transporter, denoted as wy - TT,(tx) + wso - W L, (t) + w3 - DP,(t),
where W L,(t;) represents the current workload, TT,(t;) signifies the travel time
component, and DP,(t;) indicates the delay penalty of the transporter’s current
route v. Based on our preliminary results, this technique may lead to improved
long-term decision-making.

The objective in training the Bayesian Neural Network (BNN) is to minimize
a loss function that balances predictive accuracy with model regularization. The
loss consists of two components: the mean-squared temporal difference (TD) error
[Lee and He, 2019] and a Kullback-Leibler (KL) divergence [Zhang et al., 2023]
that penalizes deviation from a predefined prior distribution. For a minibatch of

transitions { (S, zr, R(Sk, T1), Sk11) }2_,, the loss is expressed as:

B
=5 (QulSkm) — ) + hw - KLIa(0) [ (0)] (6.2)
i=1

where B is the minibatch size, y; denotes the target Q-value with parameter 6~ for
the i-th transition, and A\g is the KL weight. To accelerate learning and improve
temporal credit assignment, we employ n-step bootstrapping for target estimation.
Instead of using only the immediate reward, the target incorporates the discounted
sum of the first n rewards, followed by a bootstrapped Q-value from the target
network at step k + n. Formally, the target is defined as:

'L:R(n) " -(S n /'“A—' ne 6.3
yi =R+ xle?%ﬁn)@’ (Sk4n, ') - W fDoneg 4} (6.3)
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where R;cn) = Z?;Ol Y9 R(Sk+j, Tr4;) is the accumulated discounted reward, v is the
discount factor, and W pone,,,} is an indicator function that disables bootstrap-
ping if the episode terminates before step k 4+ n. This formulation enables more
informative target signals and supports faster convergence during training.

The model is trained using the Adam optimizer proposed by [Kingma and Ba,
2014] with a learning rate n and a KL weight Ag, that increases periodically until
a maximum threshold, and a minibatch size B over N¢p;soqes €pisodes, where each
episode covers a working shift in the hospital (7" = 540 minutes) and is randomly
sampled from a set of 500 possible instances. Training samples are drawn from a
replay buffer of size M, and a target network is updated periodically to stabilize Q-
learning. Moreover, exploration is governed by Thompson Sampling, implemented
via Monte Carlo (MC) Dropout in the Bayesian Q-network. At each decision epoch
k, the network performs 7' stochastic forward passes using different dropout masks,
generating T sampled Q-value vectors. One of these samples is then randomly
selected to represent the current Q-value estimate, and the action with the highest
value among valid options is chosen. This uncertainty-aware sampling strategy
enables the agent to balance exploration and exploitation by implicitly capturing
epistemic uncertainty in its value estimates, without requiring an explicit exploration
parameter such as ¢.

The training procedure for the BNN with Thompson Sampling and n-step boot-

IHP

strapping over hospital instances is summarized in Algorithm 3.

Bayesian

0.3.4 Learning mpon

Table 6.10: Tested and selected values for training parameters.

Parameter | Tested Values Selected Value
Nepisodes | {5,10,15,20} - 103 10 - 103
Niayers {1,3,5} 5
Nnodes {32,64} 392

Note: Final values are selected based on the best average objective function obtained

in the testing phase.



Chapter 6: Numerical Experiments 100

Algorithm 3 BNN Training with Thompson Sampling and n-step Bootstrapping

© PNy

O U U R R I B B I B I I N N S e S R i o

36:

Input: Bayesian Q-network Qg, target network @Q,—, optimizer O, learning rate 7, discount factor -, initial KL
weight Ak 1 0, max KL weight AR3*, number of training episodes Nep;sodes, minibatch size B, replay buffer size
M, n-step horizon n, hospital instance set ZH ",

Output: Trained BNN weights 6.

: Initialize replay buffer M «+
. Initialize weights 6 <— 0o, Ax1, < AkrL,0

! for e =1 to Nepisodes dO

Sample instance ZHP ~ THP and load environment
Initialize environment S  env.reset(), return Re + 0
for each request z € X(Sk) do
Sample T' Q-value vectors using Thompson Sampling: Q(gl:T)(Sk, 4
Sample one realization QS*™P!(Sy, ) ~ {Qét) thl
Select action zy < arg max,e x(s,,) Qsamrle(S, x)
Execute z, observe R(Sk, k), Sk+1, and Doneg41
Store (Sk,zg, R(Sk, k), Donegy1, Sk41) in M
Update state S < Sky1, accumulate Re < Re + R(Sk, k)
end for
if /M| > B + n then
Sample B transitions: {(S;,z;, R;, Done;j, S;-)}J-le
for j =1to B do
Compute n-step return:
R = 3070 v Ry
Yj < RE-H) + 9™ - maxys Qg (Sj4n, ") W (- Done; |}
Predict Qg(Sj, ;) using current BNN and one stochastic realization from MC Dropout
Compute TD Loss: Lysg = % 22 (Qo(Sj,2;) — y;i)?
Compute KL Loss: Lk = % - K Lq(0) || p(9)]
Total Loss: £(0) = Lyse + AL - LKL
Compute gradient: g¢ < VgL(6¢)
Update first moment: my¢ < 81 - me—1 + (1 — B1) - gt

Update second moment: v; < B2 - v¢—1 + (1 — B2) ~gt2

Bias correction: 1t — {76r, Ot < 175
By B3
Parameter update: 6 < 0 — o - —2&

Vot+e

end for
end if

Update KL weight: Ag < min(Ag5¥, N ARE

episodes

if e mod 25 = 0 then
Sync target network: Qg— < Qg
end if
. end for
return 6
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We next examine the evolution of the BNN-based policy’s performance through-
out the training process, with a particular focus on its behavior across episodes
for different BNN architectures, as shown in Table 6.10. Moreover, their perfor-
mance is evaluated under distinct instances. To eliminate the variation caused by
the VNS component in Phase 2, we consider only the Best Insertion (BI) heuristic
for reoptimizing the routes after assignment. This ensures that the same action in
a given state produces identical results across different replications. Consequently,
any differences observed between policies will be solely due to their structural dif-
ferences, rather than variations in the objective function values introduced by VNS.
Furthermore, at this stage, we consider that the service robots are slower compared

to porters.

-331

-332

Total Reward

— BNN N3ZL1
—— BNNN3ZL3
—— BNN N32 L5
—— BNN N64 L1
—— BNN NG4 L3
—— BNN N&4 LS

2500 5000 7500 10000 12500 15000 17500 20000
Episode

Figure 6.1: (Color online) 1000-episode moving average

Figures 6.1 and 6.2 illustrate the evolution of the average total rewards and objec-
tive function value for six Bayesian Neural Network (BNN) architectures evaluated
over 20,000 episodes, where each episode is randomly drawn from a set of 500 distinct
test instances. Specifically, each data point represents the average of 1000 consecu-
tive episodes. We select a large window size due to the variability in the data stem-
ming from the selection of diverse instances and the inherent uncertainty in Bayesian
Neural Networks. In all configurations, deeper architectures surpass shallower ones,

with the 32-neuron, 5-layer model (N32 L5) having the highest average total reward
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Figure 6.2: (Color online) 1000-episode moving average

(approximately -330.1) and demonstrating rather constant performance. Although
broader networks (N64) gain from enhanced depth, their performance trajectories
are often unstable, indicating more susceptibility to the variability of test instances.
The second figure confirms this, as BNN N32 L5 attains the lowest and most con-
tinuously decreasing objective function value throughout training, signifying both
successful optimization and alignment between the optimization objective and policy
quality. The learning behavior shown in Figure 6.2 supports these findings from a
task-specific optimization perspective. Here, BNN N32 L5 again outperforms other
models, achieving the lowest and most consistently declining objective function val-
ues throughout training. This not only confirms the agent’s ability to minimize costs
effectively but also reflects strong alignment between the learned value function and
the true performance objective.

According to the plots, architectural depth plays a critical role in model per-
formance. In other words, deeper configurations, particularly BNN N32 L5, con-
sistently achieve superior results in both total reward and objective value. This
architecture demonstrates stable learning and outperforms its shallower counter-
parts across the entire training horizon. In contrast, shallow networks such as BNN
N32 L1 and BNN N64 L1 plateau early and fail to reach competitive performance,

reflecting insufficient capacity to approximate complex value functions. Nonetheless,
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deeper or wider models do not always guarantee improved results. For instance, al-
though BNN N64 L5 initially performs well, its total reward begins to deteriorate
after episode 10,000. A similar pattern is seen for BNN N32 L5 and BNN N32
L3. This degradation may be attributed to compounding uncertainty in posterior
sampling or a gradual shift in the action distribution as the model becomes increas-
ingly confident in potentially suboptimal predictions. Since Thompson Sampling se-
lects actions based on stochastic Q-value estimates generated through Monte Carlo
Dropout, overly confident but poorly calibrated uncertainty estimates can mislead
policy decisions, especially in later stages of training.

Unlike e-greedy strategies, Thompson Sampling inherently balances exploration
and exploitation by drawing samples from the model’s approximate posterior at
each decision point. In the early training stages, the posterior distribution remains
broad, promoting exploration across diverse actions. As training progresses and the
posterior concentrates, the agent becomes more deterministic. This dynamic works
effectively in models with well-calibrated uncertainty (e.g., BNN N32 L5), but may
cause premature convergence or declining performance in unstable models like BNN
N64 L5, where uncertainty is underestimated or erratic.

The overall trends confirm that moderate-width, deep BNNs, specifically N32
L5, are better suited to learning robust and generalizable dispatching policies under
uncertainty. These models offer a favorable trade-off between expressiveness and
Bayesian regularization, maintaining strong performance across diverse instances.
Moreover, the use of randomized sampling from a pool of 500 problem instances
ensures that learned policies are not overfitted and retain strong generalization ca-
pacity in stochastic environments.

To conduct a more reliable and accurate evaluation of the learned Bayesian poli-
cies, we perform an extensive performance analysis across 25 distinct test instances,
each replicated 10 times to account for stochasticity in the model’s posterior sam-
pling. This results in a total of 250 evaluation runs per architecture. The aggregated
results, including the mean and standard deviation of the objective function values,
are summarized in Table 6.11. The results in the table confirm and complement the

trends observed in the learning curves. Among all configurations, the model with
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Niodes = 32, Nigyers = 5, and Nepisoges = 10,000 training episodes (N32 L5) stands
out, achieving the lowest mean objective value (2458.72) and travel time (5811.04),
which aligns with its consistently superior learning trajectory shown in Figures 6.1
and 6.2. While BNN N32 L1 achieves the lowest delay (94.88) and BNN N64 L1
achieves the lowest workload (388.15), these gains come at the expense of higher
overall objective values, suggesting a trade-off rather than a holistic improvement.
Wider networks such as N64 L5 perform reasonably well but display instability, as
seen in the degradation of reward after 10,000 episodes.

The bar chart presented in Figure 6.3 provides a statistical perspective on the
performance of various BNN architectures by displaying their objective values along-
side 95% confidence intervals, aggregated over 250 evaluation runs per configuration.
This visual evidence reinforces the findings from Table 6.11 and Figures 6.1 and 6.2.
Notably, the configuration BNN N32 L5 trained over 10000 episodes achieves the
lowest mean objective value and exhibits one of the narrowest confidence intervals,
indicating both superior optimization performance and low variance across diverse
test instances. In contrast, shallow models such as BNN N32 L1 and BNN N64
L1 consistently perform worse, with higher objective values and wider confidence
intervals, suggesting inadequate capacity and unstable generalization.

These results support the conclusion that architectural depth plays a more de-
cisive role than width in BNN-based policy learning under uncertainty. In par-
ticular, moderately wide and sufficiently deep models like N32 L5 offer the best
trade-off between expressiveness, stability, and generalization. The training with
10,000 episodes appears sufficient for convergence in this configuration, beyond
which deeper networks may become prone to overfitting or poorly calibrated con-
fidence. Thus, N32 L5 emerges as the most reliable architecture for robust and

scalable dispatching under stochastic dynamics.

6.3.5 Comparison of Policies Under Different Settings

In this section, we compare the performance of the trained policy wggy;““” to the

performance of the baseline policies 7, qndomizeds Theuristics nggﬁmmmw, and Thospital
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Table 6.11: Performance summary of BNN architectures.

Nnodes | Nayers | Nepisodes | Mean Obj. Value | Mean Travel Time | Mean Delays | Mean Workloads Diff.

5000 2505.65 5972.52 94.88 393.47

10000 2527.73 6016.27 108.85 388.39

! 15000 2522.35 5986.14 123.39 391.90

20000 2525.66 5998.73 118.32 394.20

5000 2494.38 5905.75 129.47 401.48

10000 2496.49 5929.11 113.24 397.77

52 ’ 15000 2493.83 5923.03 111.83 399.08
20000 2488.40 5905.86 115.60 399.09

5000 2467.31 5826.60 137.37 408.60

10000 2458.72 5811.04 130.31 410.89

’ 15000 2475.36 5845.31 138.67 408.85

20000 2482.80 5881.82 123.78 402.79

5000 2531.42 6031.54 102.74 388.54

10000 2518.09 6004.41 95.83 389.92

! 15000 2528.44 6024.88 102.15 388.15

20000 2517.89 5897.28 111.36 392.16

5000 2503.28 5952.79 107.11 396.59

10000 2497.04 5943.07 100.60 397.85

o ’ 15000 2502.25 5929.45 126.61 399.16
20000 2500.24 5956.01 119.29 398.02

5000 2489.44 5897.19 125.53 401.74

10000 2484.84 5919.54 118.05 398.99

’ 15000 2488.64 5898.64 121.33 403.24

20000 2497.02 5917.75 124.66 400.27

25404

25204

2500

Objective Yalie

2480

24604

24404

BNN N32 L1 EP10000
BMM N32 L1 EP15000 4
BNN N32 L1 EPS000 4
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BNH M3Z L2 EPZOO00
BMNN N32 L3 EP3000 4
BN N3Z LS EP10000
BMNH N3Z L5 EP15000
EMN N32 LS EP200D0 4
BHNN N32 L5 EP3000 4
BN NES LT EP1OO00
EMNMN N64 L1 EP1500C 4
EMNN NG4 L1 EP20000 4
BNN NG64 L1 EPSDOC
BNN N64 L3 FP10D0G 4
BMN NG4 L3 EP13000 4
BMN N64 L3 TP20000
RNN N&4 L3 FPS000
EMNN NG4 LS EP10000
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BNHN N64 LS EP20000 4
BNN N&4 LS EF3000
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Figure 6.3: 95% confidence intervals for objective means for each BNN architecture
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Table 6.12: Detailed performance statistics for 25 test instances across various policies,

and transporter fleet.

Objective Value Travel Time Delays ‘Workload Diff.
Nporters | Nrobots Policy P(m,)
Mean Std. Mean Std. Mean Std. Mean Std.

poyesian | 244306 14121 | 570512 26171 | 283.66 14178 | 237.77  55.18 | 39.33%
mBggrministic | 9807.20  157.35 | 5697.67 267.72 | 1049.34  236.10 | 541.98  73.97 | 30.28%

0 Thewristic | 235243 121.36 | 5704.68 261.79 | 79.69  75.81 | 19342  44.49 | 41.58%
Thospital 2356.57  117.15 | 5704.04 262.85 | 88.78  66.73 | 197.24  43.92 | 41.47%
Trandomized | 4026.53  570.14 | 5687.48 262.48 | 4031.87 1265.45 | 693.97 113.64 | 0.00%

poRsen | 251518 140.29 | 574119 264.00 | 287.21 15052 | 519.11  39.57 | 37.02%
mBggrministic | 9840.91 21356 | 5716.66 271.33 | 1101.39  339.21 | 568.44  44.52 | 28.86%

30 5 Thewristic | 2563.91  131.24 | 6067.45 278.66 | 109.48  81.59 | 465.70  36.07 | 35.80%
Thospital 2568.94  133.63 | 6060.77 276.21 | 127.77  89.18 | 467.63  36.58 | 35.67%
Trandomized | 3993.68  536.35 | 5784.62 267.67 | 3796.70 1192.05 | 805.78  107.94 | 0.00%

THONT" | 252232 136.52 | 5788.83 26211 | 260.84  139.31 | 512.27  39.27 | 36.42%
mRacrministic | 9836.82  208.23 | 5717.95 269.48 | 1089.09 330.39 | 570.02  42.87 | 28.49%

10 Thewristic | 2621.89 12056 | 6258.49 283.53 | 7478  54.50 | 442.90 3585 | 33.91%
Thospital 2621.37  127.39 | 6258.00 285.53 | 73.37  47.94 | 444.08  36.68 | 33.92%
Trandomized | 3967.22  546.14 | 5865.26 268.17 | 3654.67 1248.99 | 796.23  110.18 | 0.00%
paRsen | 2379.77 11841 | 572105 262.58 | 125.97 8651 | 204.80  41.18 | 31.03%
mBggrministic | 9586.31 14501 | 5718.32 267.14 | 538.72  149.05 | 417.45 4839 | 25.04%

0 Thewristic | 2347.58  116.22 | 5721.30 263.99 | 53.73  49.07 | 187.82  38.31 | 31.96%

Thospital 2346.31  114.91 | 5719.51 264.43 | 51.98  46.57 | 188.56  38.69 | 32.00%
Trandomized | 3450.33  430.64 | 5700.24 264.90 | 2606.89  924.60 | 637.39 104.81 | 0.00%

THONT" | 243755 123.97 | 5759.41 26526 | 127.33  87.39 | 414.25  34.82 | 29.04%
mRacrministic | 957943 135.94 | 5738.31 268.76 | 491.83 12957 | 436.90  36.82 | 24.90%

40 5 Thewristic | 2506.84 12176 | 6009.78 275.76 | 64.17  49.08 | 386.32  33.84 | 27.02%
Thospital 2502.68  119.90 | 6006.63 275.26 | 57.30  37.22 | 385.57  33.64 | 27.14%
Trandomized | 3434.89  392.05 | 5780.22 267.16 | 2467.40  822.58 | 679.19  104.49 | 0.00%

DR | 2452.96 12415 | 581149 266.28 | 116.10  85.97 | 409.61  33.74 | 27.69%
mRgcrministic | 958533 126.99 | 5740.58 270.62 | 502.52  121.69 | 440.45  39.46 | 23.79%

10 Thewristic | 2586.62 12322 | 6224.60 285.08 | 58.61  46.72 | 366.69  33.01 | 23.75%
Thospital 2584.80  123.19 | 6223.93 284.70 | 54.27  40.45 | 367.60 3432 | 23.80%
Trandomized | 3392.28  379.03 | 5852.34 264.00 | 2291.87  802.58 | 672.98 100.53 | 0.00%

introduced in Appendix B. As in the previous section, we evaluate 25 distinct test

instances, each examined 10 times, and report the aggregated results across all 250

runs. To compare the performance of different policies, we consider the 7, qndomized

as the main benchmark. Then, we define the percentage improvement of 7, over

Trandomized &S:

P(r,) = 100 x

(Sﬂ-randomized )

B C<S7ra)

C(S,

randomized )

Where C(7,) is the objective function value obtained under policy .

(6.4)
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6.3.5.1 Analysis for Different Transporter Configurations

Table 6.12 summarizes detailed performance statistics for the evaluated policies
across different configurations of transporter fleet. Moreover, figures in Appendix
D displays scatter and box plots illustrating the mean values for each test instance.
According to the results, wgg@’ﬁ“"” consistently provides superiority and robustness
as the heterogeneity of the system increases. In fact, we observe that in the purely
human-operated environments (e.g., Nyopots = 0), Theuristic ad Thospitar coOnsistently
achieve the best performance, with average objective values approximately 41-42%
lower than m,qndomized for 30 transporters and 31-32% for 40 transporters. This is vi-
sually confirmed by the box plots in figures in Appendix D, where these policies show
the lowest median objective values. However, although they significantly outperform
Than "1, their performance is only marginally better than that of ﬂg%y]f,m". For
example, in the scenario with 40 porters and no service robots, Theuristic achieves
a 0.93% greater reduction compared to the base policy (T andomized), While Thospitai
achieves a 0.97% reduction.

We note that the performance of these policies deteriorates as heterogeneity in
the fleet configuration increases. Once service robots are introduced and the system’s
heterogeneity increases, creating an environment in which the outcomes of each ac-
tion (assignment) vary significantly due to the differences in the speeds of service
robots and porters, the heuristic-driven decision policies underperform. In these
scenarios, the BNN-based policy Wg‘éy]f[m” not only exceeds the deterministic DQN
and other baseline policies in average objective value reduction but also consistently
attains small standard deviations (approximately 5% of the average objective func-
tion), signifying improved stability across the 250 replications. This trend is clearly
observable box plots, where the wg‘gﬁi“” policy’s box plots remain narrow and cen-
tered on lower medians (2450-2550) compared to the wider and higher-distribution
ranges of the deterministic DQN, heuristic, and hospital policies. Moreover, by ex-
amining the mean for each test instance in the scatter plot, we observe that as hetero-

geneity increases, particularly in cases with N,y = 10, WDaQy]f,‘m” achieves a lower

mean objective values. This indicates that wg‘gjfﬁia” not only outperforms the other
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policies overall but also consistently attains better performance and the minimum
objective function value for all test instances. For instance, for a fleet configuration
of Nporters = 40 and Nyopors = 10, representing the most heterogeneous combination,
ngg’;”“" attains an average objective value reduction of 27.69%, outperforming the
deterministic DQN policy by nearly 4% and the heuristic and hospital-native policies
by almost 3.9-4%. Notably, the box plots in this configuration show wggyﬁi“" with a
narrower interquartile range and fewer outliers, reinforcing its ability to consistently
adapt to the increased complexity introduced by service robots. Furthermore, the
scatter points demonstrate that ﬂg“Qy]f,Si“" outperforms other policies across the 25
test instances individually, indicating that its robustness is not simply a byproduct of
averaging across replications but is consistently observable across individual prob-
lem instances. Moreover, in this environment, characterized by increased system
heterogeneity, 7pg5 ™" manages to sustain performance levels that are compa-
rable to the other baseline policies, such as 7pospitar a0 Theyristic. This suggests that
while 7pg ! generally does not outperform the Bayesian variant, it remains
robust enough to match the performance of heuristic and hospital-based policies
under these complex operational conditions.

This superior performance of 7pg5™ ™" in heterogeneous environments stems
from its ability to distinguish between assignments that lead to worse outcomes.
In other words, since in this examination the service robots are slower, assigning
too many requests to them can significantly increase the objective function value.
Policies such as mospitar a0d Theyristic, Which only consider the current state of trans-
porters, fail to capture this insight. By contrast, mpgg™ ™" can learn these dif-
ferences and make more informed decisions. On the other hand, in homogeneous
environments where no difference in the transporters’ speeds, simply assigning based
on the current state can already yield good outcomes. In these cases, Thospitar and
Theuristic Slightly outperform nggﬁmmim. This also indicate the efficiency of our
state definition that can capture the information required to make an informed de-
cision. Nonetheless, although ﬂBSﬁ}‘mm"sm can still learn the best actions using our
state definition, occasional suboptimal assignments can occur due to uncertainty

inherent in its action selection process.
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Additionally, the results in table and figure reveal that as the number of trans-
porters decreases, the relative importance of actions, and thus policy decisions,
becomes more pronounced. Specifically, when 50 transporters are available, the
observed improvements over the randomized policy range from 23% to 27%, with
the wggyﬁ"a" policy achieving the highest improvement of 27.69%. In contrast, when
only 30 transporters are present, the best policies, such as the heuristic and hospital,
achieve objective value reductions of up to 41.58%. These observations underscore
that as transporter resources become more constrained, the impact of each action
taken by the policy grows significantly, leading to sharper performance gains and

making the choice of policy even more critical to achieving optimal outcomes.

Table 6.13: Detailed performance statistics for 25 test instances across various policies,

and speed variation factor.

Speed Variation Objective Value Travel Time Delays ‘Workload Diff.
Policy P(mg)
Factor Mean Std. Mean Std. Mean Std. | Mean Std.
wg%y]\e,smn 2422.88  118.11 | 5762.31 262.91 | 111.51  79.57 | 366.76  35.11 28.10%
ﬂgf?‘f\fmi"”m 2464.69  127.33 | 5727.92 267.34 | 226.66 106.18 | 414.31  32.98 26.86%
1 Theuristic 2394.55  111.38 | 5770.87 262.19 | 33.57 32.26 | 363.85  33.63 28.94%
Thospital 2393.48  111.91 | 5769.87 263.66 | 32.08 31.52 | 363.52  32.76 | 28.97%
Trandomized | 3369.87  379.81 | 5728.05 264.16 | 2357.21 813.30 | 678.84  103.98 0.00%
Wg“QyAe,Sia" 2406.45  117.37 | 5757.04 262.54 | 54.20 49.17 | 409.79  35.16 | 29.31%
Trgggfmi"istic 2463.65  126.24 | 5733.12 267.57 | 219.65  98.52 | 412.72  30.32 27.63%
1.25 Theuristic 2493.48  119.63 | 6007.43 275.54 | 43.56 42.16 | 36541  33.65 26.76%
Thospital 2492.24  116.41 | 6007.98 274.54 | 39.91 34.05 | 365.42  33.40 26.79%
Trandomized | 3404.40  386.33 | 5788.71 264.35 | 2385.42 825.15 | 673.73  98.68 0.00%
wg“QyAe,Si“" 2452.96  124.15 | 5811.49 266.28 | 116.10  85.97 | 409.61  33.74 | 27.69%
WBSX!‘"””’“”“ 2585.33  126.99 | 5740.58 270.62 | 502.52 121.69 | 440.45  39.46 23.79%
1.5 Theuristic 2586.62  123.22 | 6224.60 285.08 | 58.61 46.72 | 366.69  33.01 23.75%
Thospital 2584.80  123.19 | 6223.93 284.70 | 54.27 40.45 | 367.60  34.32 23.80%
Trandomized | 3392.28  379.03 | 5852.34 264.00 | 2291.87 802.58 | 672.98  100.53 0.00%
wDBaQyISSi“" 2479.18  124.69 | 5874.68 266.26 | 118.75  82.87 | 409.07  37.82 | 28.78%
WBS}{}"”'”’“”“ 2591.59  131.06 | 5754.26 275.16 | 503.74 136.80 | 441.94  40.05 25.55%
2 Theuristic 2737.41  138.67 | 6570.00 302.54 | 87.78 62.58 | 371.47  35.73 21.36%
Thospital 2729.75  133.43 | 6566.13 301.15 | 71.73 52.82 | 373.01  34.30 21.58%
Trandomized | 3480.99  375.59 | 5972.75 273.03 | 2392.31 793.60 | 674.81  98.61 0.00%
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6.3.5.2  Analysis on Speed Variations of the Service Robots

To further explore the impact of heterogeneity on the performance of different poli-
cies, we investigate their outcomes under another dimension of heterogeneity: the
speed variations of the service robots compared to porters. We define speed varia-
tion as the percentage increase in travel times between two specific locations. For
instance, if the service robots operate at 50% slower speed, their associated travel
times are multiplied by a factor of 1.5. We call this factor the speed variation factor.
We analyze scenarios with speed variation factors of 1, 1.25, 1.5, and 2. Table 6.13
and figures in Appendix E present the detailed performance statistics and visual
summaries for the evaluated policies across these scenarios. Consistent with prior
findings, W]B;‘éy]f,m" sustains robust performance across all heterogeneity scenarios. As
the speed variation factor increases, the performance of Tpeyristic and Thospitar deteri-
orates significantly, with their objective value improvements declining from approx-
imately 28% at a factor of 1 to around 21% at a factor of 2. Meanwhile, Wg“Qy]f,swn
consistently maintains high performance, with objective value reductions stabilizing
near 28% across all scenarios and narrow standard deviations (4.8-5% of the total
mean), indicating robust and reliable outcomes across individual problem instances.
Moreover, the performance gap between wggy]?“” and Theuristic AN Thospitar POlicies
widens as the speed variation factor increases. Specifically, while the differences
in performance improvements over Theyristic ad Thospitar are —0.84% and —0.87%
respectively in the homogeneous scenario, these values rise to 7.42% and 7.2% in
the most heterogeneous scenario, consistently growing with higher speed variation
factors. These results support the prior conclusion that wggy;““" is especially adept
for environments marked by increased system heterogeneity, as it proficiently man-
ages the dynamic interactions of variations in speed within the transporter fleet.
The adaptability is evidenced in the box plots of figures in Appendix E, where the
WgaQy;[sian policy exhibits lower median values and narrower interquartile ranges in
contrast to the broader dispersion of the other policies. Furthermore, the scatter
Bayesian

plots illustrate that gy consistently attains superior performance across all 25

test instances, emphasizing its capacity to generalize and provide robust solutions
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despite increasing system complexity.
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Figure 6.4: (a) Objective values across instances when porters are faster than service
robots; (b) Objective values across instances with mixed speeds of porters and service

robots.

Besides inter-type speed variation, we investigate a more nuanced form of het-
erogeneity wherein each transporter, either a porter or a service robot, functions at
a distinct individual speed. This analysis examines two separate scenarios. First,
porters are typically more expedient than service robots. Each porter is assigned
a speed variation factor randomly selected from the interval [0.5, 1], whilst each
service robot is allocated a factor from the interval [1, 2], indicating their compara-
tively slower performance. Second, we incorporate overlap between the speed ranges

of porters and service robots to represent more realistic operational settings. Fif-
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teen out of forty porters are randomly chosen and assigned a speed variation factor
within the range of [1, 1.5], enabling certain porters to function at speeds similar to
or slower than the service robots.

Figure 6.4 depicts the performance of various policies throughout 25 test in-
stances, each assessed by 10 replications. Subfigure (a) illustrates the initial scenario,
wherein porters typically exhibit greater speed than service robots, while subfigure
(b) depicts the subsequent scenario, in which certain porters function at speeds that
are either equivalent to or slower than those of robots. Since 7pg§™ ™" is a de-
terministic policy, it yields a unique result for each event, hence producing one data
point per instance.

In every case, nggy;”“” consistently achieves the lowest goal values, illustrating
its strong flexibility to transporter-level diversity. In the original scenario, it ex-
ceeds Theyristic aNd Thospitar DYy 9.3% and 9.26%, respectively. In the second case,
the performance disparity diminishes marginally, exhibiting enhancements of 4.4%
and 4.29% regarding the same policies. Nonetheless, ngy]f]m" retains its preemi-
nence in both contexts. Furthermore, mpg5 ™", which had previously equaled or
underperformed compared to rule-based policies in earlier tests, now exceeds both
Theuristic A0d Thospitar DY 5.87% and 5.93% in the first and by 3.33% and 3.22% in the

second scenario, respectively, underscoring its enhanced efficacy in more irregular

heterogeneous conditions.

6.3.5.3 QOverall Policy Comparison and Insights

The results across all evaluated conditions indicate that the BNN-based policy
wg‘l@y]@"’”" constantly surpasses competing methods as system heterogeneity esca-
lates. In homogeneous settings, consisting solely of porters with identical speeds,
rule-based policies such as Tpeyristic and Thospitar €xhibit comparable or even supe-
rior performance relative to learning-based methods. This is due to the uniform
impact of activities in such environments, where the prevailing conditions and prox-

imity are the primary determinants of results. These findings affirm the quality of

our state definition, which encapsulates pertinent information to facilitate effective
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decision-making, even through simplistic, heuristic-driven reasoning. Nonetheless,
as heterogeneity is introduced, whether by incorporating service robots with reduced
speeds, varying speed configurations, or assigning unique speeds to each transporter,
the effectiveness of static policies diminishes, while learning-based methods demon-
strate a clear advantage. The policy wg‘g’ﬁm" exhibits efficiency in these contexts
by precisely modeling the probabilistic outcomes of various assignments and differ-
entiating transporter capabilities, resulting in markedly improved objective values
and diminished performance variability across replications. In the most intricate

configuration, where each transporter operates at a distinct speed, both wg“Qy;;““”

and wpgL ™M significantly exceed rule-based baselines, with the Bayesian policy
attaining the lowest objective values in the majority of cases. The findings indi-
cate that in heterogeneous environments with high variability in action outcomes,
learning-based strategies are not merely more successful but indispensable. Fur-
thermore, WgaQy]f,Sia" provides the most consistent and dependable performance across
various operational difficulties, underscoring its significance for real-world hospital
logistics systems characterized by heterogeneous transporter attributes and system

conditions.

6.4 Numerical Results: Assessing the Two-Phase Solution Approach

In this section, we evaluate our proposed two-phase approach against a conven-
tional solution methodology frequently adopted in the literature. Specifically, we
implement a reoptimization-based policy that leverages a metaheuristic, namely,
Adaptive Tabu Search, not only to insert newly arrived requests but also to revise
the entire assignment plan. This reoptimization capability enables the reassignment
of previously assigned requests, potentially reducing the overall objective function
value. The full implementation details of the Adaptive Tabu Search are presented
in Benchmark Appendix C.

Inspired by the framework introduced by [Ton et al., 2024], which proposes four
distinct reoptimization policies, we adopt a hybrid of two of these policies. In our

model, reoptimization is triggered either when the number of requests in the queue
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reaches a threshold Ngyeue, or when a time limit ¢,.,,; has elapsed since the last
optimization. This dual-condition trigger ensures timely updates to the solution
without incurring excessive computational overhead. In particular, it avoids un-
necessary reoptimization after every request arrival, which could otherwise lead to
substantial increases in runtime, while also preventing long delays when the system
is idle. We call this policy 7 eop. Additionally, to facilitate a more accurate as-
sessment of system performance, we include the delay related to the elapsed time,
represented by fjqpse. This parameter records the duration prior to the activation
of any reoptimization conditions. Incorporating this delay allows us to consider the
system’s response time within practical operating limitations. For thoroughness,
we also present the results obtained without accounting for the elapsed time delay,
allowing us to measure the degree to which this factor affects overall performance.
The results of this case also acts as baselines to compare.

Due to the difficult constraints and the real-time nature of our problem, applying
the one-phase approach, which considers all transporters and all not initiated but
assigned requests at each reoptimization point, requires a considerable amount of
computational time. To make the problem more manageable for analysis, we design
a medium-sized instance. In the first scenario, we use test instances from Z#% but
limit the planning horizon to the first 50 requests, which approximately correspond
to the initial two hours of a shift. Because the arrival times of requests are very
close to each other, this creates a challenging case that demands more computational
effort for reoptimization. In the second scenario, we use instances from If’ :ﬂ /100 but
this time consider the full planning horizon. In both scenarios, the transporter fleet
consists of six porters and two service robots, with porters being faster than the
service robots.

Tables 6.14 and 6.15 report the objective values, percentage difference between
the objective values compare to the case without elapsed time delay, and total
runtimes for each test instance under four different methods. The first two columns
under the ”One-phase approach” heading correspond to the approach m,¢op + AT'S,
evaluated in two modes: with elapsed time delay (feapse), and without (&). The

next two columns under the " Two-phase approach” heading present results for our
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Table 6.14: Comparison of one-phase and two-phase approaches in terms of objective and

percentage difference with respect to myeopt + AT'S (D).

One-phase approach Two-phase approach
Group | Instance | mreopt + ATS (terapse) Treopt + ATS (D) ﬂgg’f,sm" + BI ng’ﬁsm" +BI+AVNS
Objective % Diff. | Objective % Diff. | Objective % Diff. | Objective % Diff.
1 590.93 18.26% 499.67 0.00% 529.72 6.01% 489.30 -2.08%
2 618.44 14.50% 540.11 0.00% 609.62 12.87% 649.10 16.10%
3 556.66 -5.83% 591.12 0.00% 678.57 14.79% 617.18 4.41%
4 480.93 9.93% 437.49 0.00% 507.57 16.02% 481.49 10.06%
TP 5 508.58 37.65% 369.48 0.00% 457.41 23.80% 432.54 17.07%
6 564.70 33.89% 421.79 0.00% 557.25 32.11% 509.74 20.86%
7 811.92 -4.09% 846.57 0.00% 795.47 -1.26% 705.68 -16.63%
8 911.48 2.86% 886.15 0.00% 1066.10 20.31% 1046.78 18.16%
9 422.94 6.97% 395.43 0.00% 516.38 30.63% 457.60 15.72%
10 466.99 -0.65% 470.03 0.00% 541.90 15.30% 529.72 12.71%
1 615.91 39.22% 442.47 0.00% 477.46 7.91% 474.43 7.22%
2 1394.25 300.31% 348.18 0.00% 359.69 3.31% 353.52 1.53%
3 381.97 7.77% 354.45 0.00% 352.19 -0.64% 361.82 2.08%
4 1285.89 348.18% 286.86 0.00% 294.55 2.68% 303.61 5.83%
7PP 5 510.33 13.00% 451.63 0.00% 473.54 4.86% 471.59 4.42%
A=t/ 6 1691.30  239.52% | 498.06  0.00% 509.61 2.33% 526.00 5.61%
7 724.69 86.74% 388.07 0.00% 414.76 6.89% 426.62 9.95%
8 748.39 70.36% 439.38 0.00% 432.67 -1.53% 433.11 -1.43%
9 2383.49 378.43% 498.31 0.00% 530.34 6.42% 518.87 4.13%
10 1336.70 202.97% 441.12 0.00% 485.71 10.10% 474.33 7.53%
ZHP Avg. 593.66 11.83% 530.89 0.00% 576.30 17.42% 529.14 -0.33%
07, 1 Ave. 1037.89  168.34% | 413.76  0.00% | 433.15  4.68% | 430.15 3.95%
Total Avg. 815.78 90.47% 472.33 0.00% 504.72 10.64% 479.65 1.55%

proposed method in two configurations. The first configuration, Wg%yj\e,mn + BI, uses
a Bayesian Deep Q-Network with a greedy Best Insertion heuristic to construct the
plan. The final configuration, ﬂgany,smn + BI + AV NS, augments the initial plan
with an AVNS to further improve solution quality.

In ZHP test instances, the proposed two-phase approach demonstrates substantial
advantages in terms of computational efficiency while often delivering comparable or
improved solution quality. Across all ten instances, both configurations, Wg‘éy]f]m" +
BI and its AVNS-enhanced version, consistently outperform the one-phase policy

in runtime. For example, in Instance 1, the baseline method (7, eopt + AT'S (terapse))

requires 1438.09 seconds to achieve an objective of 590.93, whereas BI delivers a
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Table 6.15: Comparison of one-phase and two-phase approaches in terms of runtime for

each instance.

One-phase approach Two-phase approach
Group | Instance | Treop + ATS (ferapse) | Treopt + ATS (@) | 7™ + BI | mpin’™™ + BI + AVNS
1 1438.09 874.45 1.65 222.80
2 957.08 517.71 1.78 332.71
3 595.40 1085.35 1.59 235.00
4 933.26 554.33 1.37 399.89
7P 5 641.18 523.85 1.26 213.60
6 1009.13 1156.58 1.50 253.62
7 868.97 999.15 1.91 351.80
8 1523.49 1293.82 4.72 395.79
9 670.84 426.90 1.25 317.46
10 903.42 634.96 1.63 275.92
1 311.75 290.03 1.38 282.67
2 454.07 628.54 1.28 179.78
3 386.57 249.39 1.15 167.25
4 208.80 221.66 0.89 103.68
Ifi/m 5 517.33 459.37 2.01 678.68
6 920.79 770.32 2.81 1131.18
7 337.84 351.26 1.33 276.54
8 870.06 466.23 1.86 496.75
9 803.83 691.54 2.09 756.23
10 455.64 427.02 1.80 455.39
THP Avg. 954.97 806.71 1.67 299.56
If\’:Pl/w Avg. 526.67 457.64 1.70 454.82
Total Avg. 740.82 632.18 1.69 377.19

better solution of 529.72 in just 1.65 seconds, and BI+AVNS further improves the

objective to 489.30 within 222.80 seconds. This trend continues in Instances 5 and

6, where BI4+-AVNS offers objective values lower than the one-phase policy (432.54

and 509.74 vs. 508.58 and 564.70, respectively), while reducing runtime by over

60%. In other cases, such as Instances 3 and 8, BI shows weaker solution quality

(678.57 and 1066.10) compared to the one-phase values (556.66 and 911.48), but this

is mitigated by the significantly lower runtimes (1.59 and 4.72 seconds vs. 595.40

and 1523.49 seconds). Importantly, the integration of AVNS helps recover or even

improve quality in such cases: for instance, in Instance 6, the addition of AVNS
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reduces the objective from 557.25 (BI) to 509.74 (BI4+AVNS). Even if we do not
consider the elapsed time in delay calculation and instead compare to the baseline
run without elapsed time delay, the improvements of the two-phase method persist,
confirming that the gains are not a result of adding the elapsed time delay to the
objective, but of a more efficient and scalable planning structure.

On the other hand, in the Z{% /10 test instances, where requests arrive less fre-
quently and the full planning horizon is considered, both BI and BI+AVNS provide
clear advantages in solution quality and computational speed. For example, in In-
stance 2, the baseline solution achieves an objective of 1394.25 in 454.07 seconds,
whereas Bl and BI+AVNS reduce the objective to 359.69 and 353.52, respectively,
while executing in under 2 minutes. Similar trends are observed in Instances 1 and 4,
where the two-phase variants consistently yield better objective values (e.g., 474.43
and 303.61) compared to 615.91 and 1285.89 from the one-phase policy. Even in
more challenging instances such as Instance 6, BI+AVNS maintains strong perfor-
mance (526.00 in 1131.18 seconds), outperforming the one-phase solution both in
objective (1691.30) and runtime (920.79). The only notable exception occurs in In-
stance 5, where AVNS slightly increases runtime (678.68 seconds) while providing a
comparable objective (471.59 vs. 510.33), which is still a favorable trade-off given
the overall system load. This substantial difference observed in certain instances,
such as Instances 4, 6, 9, and 10, can be attributed to the one-phase approach wait-
ing until a reoptimization condition is triggered. As a result, delays accumulate
significantly, leading to a considerable increase in the objective function. However,
in these instances, when the elapsed delay is not considered, the two-phase approach
performs comparably to the one-phase approach, demonstrating its robustness. Nev-
ertheless, it achieves these solutions in significantly less time, in some cases requiring
only one-third of the runtime of the one-phase approach.

The results demonstrate that in more relaxed operational contexts, where the
reoptimization window is wider, the two-phase approach is not only faster but also
capable of producing superior solutions. Furthermore, the consistency of this per-
formance across varying levels of request intensity and time horizon reinforces the

robustness and scalability of the approach. Again, when compared to the no-delay
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version of the one-phase approach, the results remain competitive, confirming that
the improvements are not simply due to the inclusion of elapsed time in the baseline
but reflect the structural advantage of the two-phase decomposition.

When averaged across both instance groups, the results clearly favor the two-
phase architecture over the one-phase reoptimization baseline. In Z#”, BI+AVNS
achieves an average runtime of 299.56 seconds compared to 954.97 under ,cop +
AT'S (tetapse), while preserving a comparable objective value, 529.14 with -0.33%
difference and 593.66 with 11.83% difference, respectively, meaning our two-phase
approach 12.16% performs better. In If L /100 the advantage becomes even more
pronounced: BI+AVNS improves the average objective from 1037.89 (168.34%) to
430.15 (3.95%) and reduces runtime from 526.67 to 454.82 seconds. The BI variant
also delivers strong performance. In Z#%, it reduces runtime dramatically from
954.97 to just 1.67 seconds, with an average objective of 576.30 (17.43%). In If:ﬁ/mv
BI achieves an objective of 433.15 (4.68%) compared to 413.76 under the baseline
without considering fejqpse, While reducing runtime from 457.64 to only 1.70 seconds.
Similarly, BI+AVNS achieves objective values of 430.15 (3.95%) across the second
groups, offering runtime reductions of over 65%.

The superior performance of the two-phase approach compared to the one-phase
approach can be attributed to the BNN-based policy’s ability to make decisions
that account for long-term outcomes. This policy effectively captures the current
system’s state and uses that information to guide decisions that remain beneficial
over time. In contrast, the one-phase reoptimization method focuses solely on mini-
mizing the current objective function, without considering future implications. As a
result, it often makes decisions that may be locally optimal but lead to suboptimal
outcomes in the long run. Furthermore, optimizing the entire plan in the one-phase
setting becomes increasingly difficult as the number of assigned requests grows. The
effectiveness of Adaptive Tabu Search diminishes in such cases, even when strong
local search operators are employed, since the potential improvement in the objec-
tive function declines. On the other hand, the two-phase approach only reoptimizes
a single transporter’s route, which is a much simpler task. As a result, the perfor-

mance of the local search remains stable and effective, even as more requests are
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added to the schedule.

Furthermore, within the one-phase approach, achieving a balance between run-
time efficiency and solution quality necessitates stricter reoptimization conditions.
For example, in the instance set 17 /10> triggering reoptimization for every single
request in the queue leads to excessive computation times, preliminary results show
that runtime can increase by a factor of 4 to 5 in some cases. To mitigate this,
it is necessary to increase the f,eopt threshold. However, this adjustment comes at
the cost of higher delay penalties, as delaying reoptimization defers service. This
trade-off is clearly observed when comparing the objective values of the cases with
and without the elapsed time penalty.

Taken together, these results support that the two-phase approach offers a strong
alternative to traditional reoptimization-based methods, particularly in settings
where decision speed and solution quality must be jointly optimized. The BI vari-
ant serves well when computational resources or time are constrained, while the
BI+AVNS variant is recommended when some post-decision improvement time is ac-
ceptable. In both cases, the methods maintain their advantage regardless of whether
elapsed time is considered, underscoring their robustness in real-time transport plan-

ning applications.

6.5 Numerical Results: Impact of Utilizing Service Robots in Intra-

Hospital Transportation

Table 6.16: Percentage distribution of request types for each test instance.

Instance | On-demand Patient | Medical Supplies | Medical Equipment | Administrative Document | Scheduled Patient
Number | Transportation (%) (%) (%) (%) Transportation (%)

1 15.96 23.40 17.38 19.86 23.40

2 21.55 18.73 18.73 19.08 21.91

3 20.73 22.91 18.55 20.73 17.09

4 21.25 21.25 15.83 15.83 25.83

5 25.18 19.50 18.79 19.86 16.67

6 24.12 18.40 17.18 19.38 20.92

7 18.41 21.34 15.06 24.69 20.49

8 18.47 23.57 18.47 16.24 23.24

9 18.06 19.10 19.44 20.49 22.92

10 20.00 22.31 16.92 19.23 21.54
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Table 6.17: Percentage of requests that can and cannot be handled by service robots in

each test instance.

Instance | Handled by Both (%) | Handled by Porters Only (%) | Total Requests
1 43.26 56.74 282
2 37.81 62.19 283
3 43.64 56.36 275
4 37.08 62.92 240
5 39.36 60.64 282
6 38.37 61.63 257
7 39.08 60.92 239
8 42.98 57.02 314
9 35.42 64.58 288
10 42.69 57.31 260

This section examines the impact of service robots, working alongside with
porters, on overall system performance. Through the comparison of scenarios fea-
turing robotic agents against those without of them, we seek to understand the
overarching implications of their incorporation on request assignment, resource uti-
lization, and system responsiveness. To investigate this, we perform experiments
on 10 test instances, each containing 16 human porters. In each instance, we alter
the number of service robots from 0 to 10 to assess the impact of varying levels of
automation. In contrast to Section 6.3.5, where we consider 40 porters to increase
the number of actions and create a more complex decision environment, this section
focuses on a setting with 16 porters. This allows for a clearer observation of the role
and impact of service porters on the intra-hospital transportation system. Tables
6.16 and 6.17 indicate the distribution and combination of request types employed
in each test instance as well as the distribution of request that can be handled
by service robots. Table 6.16 indicates that patient transportation tasks, both on-
demand and scheduled, represent the main set of request types, together comprising
over 40% of the workload in every instance. Table 6.17 indicates that only around
40% of requests eligible for assignment to service robots. On the other hand, human

porters can accommodate all of request types without such constraints. We examine
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whether the integration of service robots, notwithstanding their capacity to manage
less than fifty percent of total requests, can yield significant enhancements in system
performance by decreasing travel times, minimizing delay penalties, and achieving

more equitable workloads.

ib) 16 porters 7 robots ic) 16 porters 4 robots

(e} 16 porters & rabaks (e) 18 parters B robots (fi L6 porters 10 robots

Figure 6.5: Comparison of transport type usage across different service robot inte-

gration scenarios.

6.5.1 System-Wide Performance Implications of Service Robot Integration

Figure 6.5 presents the distribution of request assignments among transporter groups,
group 1 porters (V7), group 2 porters (V3), and service robots (R), across varying
levels of robot integration. The heatmaps demonstrate a clear and interpretable
policy behavior: request types that are eligible for robot handling, specifically Med-
ical Supplies and Administrative Documents, are gradually reassigned from porters
to service robots as the number of available robots increases. When no robots are
present (R0), all tasks are distributed between the two porter groups, with roughly
even splitting across request types. However, starting with R2 (i.e., two service
robots), a notable shift occurs, approximately 46.8% and 45.0% of Medical Supplies
and Administrative Document requests, respectively, are reassigned to robots. This

suggests that the dispatch policy begins to exploit robot capacity, but still main-
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tains a conservative allocation in order to avoid performance degradation across
other metrics. As the robot fleet increases to R4 and R6, the percentage of these
request types assigned to robots jumps significantly, reaching over 95% by R6. This
indicates that the system reaches a point of sufficient robotic coverage, allowing
the policy to fully offload standardized and low-touch deliveries to service robots.
Beyond R6, the assignment ratios plateau, confirming that the marginal benefit of
additional robots diminishes once the demand for robot, eligible tasks is saturated.
The results validate that the incorporation of service robots is advantageous, as it
significantly decreases the workload of human porters by increasing the percentage
of eligible requests assigned to robots, thereby facilitating a more equitable and

efficient distribution of requests among porters.
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Figure 6.6: Average performance metrics of each transporter type (V4, V5, and R)

across varying service robot integration levels.
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This claim is supported by the results in Figure 6.6. As shown in the average
workload plot, introducing service robots into the current system leads to a sub-
stantial decrease in the average workload, with a reduction of approximately 15%
for both porter groups observed when six robots are deployed. Beyond this point,
the reduction becomes negligible. This behavior is expected, as most requests eli-
gible for robot handling are assigned accordingly by that point. This reduction is
particularly beneficial in scenarios of sudden demand surges, where freed-up porters
can be redirected toward more critical and human-dependent tasks, such as patient
transportation.

A similar trend is observed in the average travel time plot. For both porter
groups, average travel times decrease by roughly 31.3% when the number of robots
increases to six. Interestingly, the average travel time for service robots starts off
higher than that of porters when only two robots are in the system, but then de-
creases as more robots are added. This pattern reflects the system’s tendency to as-
sign tasks to robots without workload constraints up to an optimal point—consistent
with the earlier observations in Figure 6.5.

The plot of average delay penalty further supports this trend. For the porters,
delay penalties decrease significantly, by 86.4% for group one and 92.3% for group
two, up to the inclusion of six robots. Initially, the delay penalty for robots is
relatively high due to the small number of robots being overloaded with assigned
tasks, which leads to higher penalties as delays accumulate over time. However,
once the robot count reaches six, this metric stabilizes and remains low thereafter.

In contrast, the average idle time percentage increases for all transporters. For
porters, it rises from approximately 34% to 55%, and for service robots, it is already
around 44% at six robots and continues to increase. This is expected, given that
only about 40% of requests (see Table 6.17) are eligible to be handled by robots;
thus, adding more robots beyond a certain point merely inflates idle time without
contributing to system performance. Nevertheless, when examining the other met-
rics, we observe that the lowest idle time values correspond to the highest values
in workload and other performance penalties. Therefore, in a hospital environ-

ment—where responsiveness is more critical than pure utilization—this level of idle
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time is considered acceptable.

Overall, across all four performance metrics, the configuration with 16 porters
and 6 service robots yields the most significant improvements. Beyond this point,

the marginal gains are minimal, suggesting that this level of robot integration strikes

an effective balance between efficiency and resource allocation.
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Figure 6.7: Comparison of normalized objective function terms across different ser-
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Table 6.18: Average objective function terms across different service robot integration

T
P16 R10

levels.
Integration Level | Travel Time | Delay Penalty | Workload Diff. | Objective
P16 RO 5711.84 954.26 322.26 2730.89
P16 R2 5714.55 755.92 256.48 2639.49
P16 R4 5725.47 608.82 192.50 2572.22
P16 R6 5734.26 148.08 152.02 2383.34
P16 R8 5739.00 104.27 173.34 2371.98
P16 R10 5751.83 95.10 171.77 2373.13

As a final analysis, we examine the impact of service robot integration on the
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components of the defined objective function. Unlike the previous section, which
focused on performance metrics for each transporter type individually, this part
evaluates overall system-level performance. The results are summarized in Figure 6.7

and Table 6.18. To enable a consistent comparison across different metrics, values

x;—min(x)

max(z)—min(z)+e’ where ¢ is

in the figure were normalized using the formulation z; =
a small constant added for numerical stability.

Across all configurations, total travel time remains relatively constant. The
minor observed variations are primarily due to depot assignments and routing ran-
domness. In contrast, delay penalties exhibit a substantial reduction: with the
introduction of just two service robots, the system experiences a 21% decrease, and
with ten robots, the delay penalty reduction reaches nearly 90%. This is particularly
critical in hospital settings, where responsiveness and timeliness are paramount for
operational success and patient safety. In addition to improving responsiveness, ser-
vice robots also contribute to balancing the workload among porters. The workload
difference drops from 322.26 to a minimum of 152.02 when six robots are employed.
This not only alleviates pressure on the human workforce but also enhances the
system’s flexibility in accommodating unexpected demand surges. When evaluat-
ing the total objective function, which reflects the hospital’s weighted prioritization
of travel time, delay penalty, and workload balance, substantial improvements are
again observed. The objective function value decreases by as much as 13.15% in the
configuration with eight robots. However, consistent with earlier findings, the re-
sults suggest that deploying six service robots is sufficient to achieve a well-balanced,
responsive, and effective intra-hospital transportation system. Additional robots be-
yond this threshold yield marginal benefits, highlighting the importance of targeted,

rather than excessive, automation.

6.5.2  QOwverall Insights

The findings of this part yield several important managerial implications for hos-
pital administrators and healthcare system designers considering the adoption of

service robots in intra-hospital transportation. Notably, our analysis departs from
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traditional cost-efficiency narratives and instead foregrounds responsiveness, task
suitability, and policy-aware deployment as key levers in automation design.

First, one of the most compelling insights is that the integration of service robots
can significantly enhance system responsiveness, even when they are only eligible to
handle less than half of the total request types. In our setting, approximately 40% of
requests can be served by robots, yet incorporating them led to notable reductions
in travel time and delay penalties per transporter. These benefits were especially
prominent when the robots operated at speeds comparable to human porters. This
challenges the prevailing assumption that automation only becomes beneficial when
it covers a majority of operational tasks. In time-sensitive healthcare environments,
the performance impact of automation should therefore be evaluated not merely in
terms of task coverage or utilization rates, but rather through its contribution to
timely service delivery.

Second, the results show that performance improvements tend to saturate af-
ter a certain level of integration. Specifically, with six service robots, the system
achieves substantial improvements across workload, delay penalty, and travel time,
but further increases in the number of service robots result in diminishing returns.
This plateau effect is due to the limited share of requests that are robot-eligible.
Importantly, the rise in fleet size is accompanied by a growth in robot idle time;
however, this idle capacity supports robustness under stochastic conditions, acting
as a buffer against variability in request arrivals, corridor congestion, and elevator
usage. Therefore, instead of indiscriminately adding more service robots, hospitals
might achieve greater performance gains by redesigning workflows to make more
requests compatible with robotic execution, or by fine-tuning scheduling algorithms
to better exploit robot availability during low-load periods.

Another important insight is the benefit of role separation between porters and
service robots. By reassigning repetitive and standardized delivery requests, such as
those for medical supplies, linen, and administrative documents, to service robots,
porters are freed to focus on more critical, human-dependent requests such as pa-
tient transportation. This hybrid division of labor enhances workforce flexibility

and ensures that scarce human labor is allocated where it is most valuable. Im-



Chapter 6: Numerical FExperiments 127

portantly, the study does not advocate for replacing porters but rather shows how
robots can complement human workers in a way that preserves service quality while
improving operational flow. In fact, our findings suggest that even a simple policy,
assigning straightforward, robot-eligible tasks to service robots and reserving the
remaining complex requests for human porters, can produce significant performance
improvements without requiring intricate rule systems or full-scale automation.

Interestingly, the increase in robot idle time as the fleet grows is not accompa-
nied by a decline in performance. On the contrary, the best-performing configuration
includes six robots, even though idle times are relatively high at that level. This
suggests that idle time in such systems should not be interpreted purely as inef-
ficiency. In healthcare settings, excess capacity may function as a buffer against
demand spikes or delays, contributing to overall system resilience. Managers should
thus consider idle capacity as a form of strategic flexibility rather than a metric to
be minimized.

Lastly, the integration of robots fundamentally reshapes the system’s perfor-
mance frontier. By significantly reducing delay penalties and workload imbalances
without increasing total travel time, service robot integration enables a new set of
operating points that were previously unattainable. This shifts the trade-off land-
scape between responsiveness, efficiency, and fairness in resource allocation. For
managers, this opens new possibilities in setting key performance indicators (KPIs),
defining service-level agreements, and aligning logistics strategy with clinical care
goals.

In summary, this section highlights the value of service robots not simply as
task executors, but as enablers of a more responsive, balanced, and robust hospital
transportation system. These insights call for a more strategic and policy-aware view
of automation, one that maximizes complementarity between human and robotic

capabilities rather than treating them as substitutes.
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Chapter 7

CONCLUSION

This study addresses the intra-hospital transportation problem with a focus on
modeling and optimizing the assignment and routing of various transportation re-
quests in healthcare environments where both human porters and autonomous ser-
vice robots are utilized. The primary aim is to minimize total travel time and
workload imbalance across available transporters, while effectively managing hetero-
geneous transportation tasks. The problem includes three distinct types of trans-
portation requests: patient requests, laboratory and pharmaceutical requests, and
administrative and supply-related requests. Each request type differs in terms of
handling requirements, urgency, and eligibility for service by different transporter
types. Human porters are allowed to serve all request types without restrictions,
while service robots can only serve a subset of tasks, specifically laboratory and
pharmaceutical as well as administrative and supply requests, due to technologi-
cal and infrastructural limitations. The system incorporates multiple operational
constraints, including transporter capacities, compatibility between transporter and
request types, precedence between pickup and delivery, service times at pickup and
delivery points, and the possibility of having multiple delivery points for a single re-
quest. Further constraints include the availability of robots, their need to recharge
after a limited number of tasks, and the assumption that each transporter may only
handle one request at a time. Additionally, the environment is subject to dynamic
request arrivals over time, requiring real-time decision-making under uncertainty.
The combination of multiple transporter types, diverse request categories, capac-
ity limitations, and operational rules defines a complex logistics problem aimed at
improving the efficiency and responsiveness of intra-hospital transportation systems.

This study considers both the static and dynamic versions of the intra-hospital

transportation problem to reflect the varying levels of uncertainty and information
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availability in real-world hospital operations. In the static version of the problem, all
transportation requests are assumed to be known in advance, allowing for a deter-
ministic and centralized optimization model that jointly determines the assignment
of requests to transporters and their corresponding service routes. This formulation
enables a clear evaluation of the problem’s computational structure and provides
a baseline for solution quality under ideal information conditions. In contrast, the
dynamic version reflects realistic hospital settings where transportation requests ar-
rive over time and decisions must be made sequentially with incomplete information
about future events. The dynamic problem incorporates stochastic elements and re-
quires real-time assignment of requests to available transporters upon their arrival,
while also adapting routing plans to account for ongoing service operations, trans-
porter availability, and request urgency. By addressing both static and dynamic
versions, the study captures the full operational spectrum of intra-hospital logis-
tics and facilitates a comprehensive evaluation of algorithmic performance under
different informational assumptions.

In the static version of the problem, all transportation requests are assumed to
be known before the planning horizon begins, allowing the system to make global
assignment and routing decisions in a centralized manner. This setting is modeled
as a multi-depot Dial-a-Ride Problem (DARP), where each transporter, whether a
human porter or a service robot, operates from its own depot and serves a subset of
requests subject to a set of feasibility and operational constraints. The objective is
to determine a feasible set of routes and assignments that minimize the total travel
time and workload imbalance across transporters. The formulation accounts for
multiple critical features inherent to intra-hospital settings, including compatibility
constraints between request types and transporter types, multiple delivery points
per request, service times at both pickup and delivery locations, and transporter-
specific eligibility restrictions. Each request must be served exactly once, with pickup
operations preceding deliveries, and all service operations must occur within the time
horizon. The model also ensures that each transporter can only serve one request
at a time and that the cumulative load and number of stops on each route do

not exceed the allowed capacity thresholds. This static DARP-based formulation
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provides a mathematically rigorous foundation for analyzing the core combinatorial
structure of the problem and serves as a benchmark for evaluating the performance
of dynamic policies under full-information conditions.

In the dynamic version of the intra-hospital transportation problem, transporta-
tion requests arrive in real time, and the system must make sequential decisions
without full knowledge of future events. This setting closely mirrors actual hospital
operations, where tasks such as patient transfers and medical item deliveries are
generated unpredictably and need to be handled promptly. The dynamic problem is
significantly more challenging than the static case due to the uncertainty in request
arrivals, variable transporter availability, and real-time operational constraints. To
effectively manage these challenges, the study proposes a two-phase solution method-
ology that separates the problem into assignment and routing stages, enabling a more
tractable and responsive decision-making process.

The first phase of the dynamic solution framework is the assignment phase, where
newly arrived requests are assigned to available transporters upon triggering events.
These triggers occur when either a predefined number of requests has accumulated
in the queue or a specified time interval has passed since the last assignment deci-
sion. The assignment problem is modeled as a bipartite matching between active
transporters and waiting requests. To handle the complexity and variability of the
real-time environment, the assignment policy is learned using a Deep Q-Learning
algorithm with a Bayesian Neural Network as the function approximator. This ar-
chitecture enables the model to quantify uncertainty in QQ-value estimates and thus
support more robust decision-making in the presence of sparse or variable data. The
Q-values represent the expected long-term cost of assigning a particular request to
a transporter, and the action selection incorporates both mean and variance in the
predictions to improve exploration and reliability. The output of this phase is a set
of assigned request-transporter pairs to be processed in the routing phase.

The second phase is the routing phase, where the objective is to generate or
update service routes for each transporter based on the current assignments. This
phase addresses the inherent complexity of consolidating multiple requests on a sin-

gle route while respecting precedence, service time, and feasibility constraints. For
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this purpose, the study implements a heuristic-based approach combining Best In-
sertion and Adaptive Variable Neighborhood Search (AVNS). The Best Insertion
procedure is used to efficiently construct initial feasible routes by inserting assigned
requests into the current route of each transporter in a way that minimally increases
the objective function. Following this, the AVNS method is applied to explore the
local search space and improve route quality through a sequence of neighborhood
operations. These operations are adaptively selected based on their historical per-
formance, allowing the search process to dynamically focus on the most promising
modifications. The use of AVNS also helps overcome local optima and enhances
solution robustness under varying request characteristics.

Together, the two-phase framework allows the system to reactively assign and
schedule transportation requests in a computationally efficient and scalable manner.
By decoupling assignment from routing, the approach enables the system to make
real-time decisions without needing to reoptimize the full solution space at each
event, thereby reducing computational overhead while maintaining high-quality so-
lutions. The integration of reinforcement learning for assignment and metaheuris-
tics for routing leverages the strengths of both machine learning and combinatorial
optimization, offering a hybrid framework that is well-suited to the demands of
intra-hospital logistics operations under uncertainty.

Our computational experiments thoroughly examined and quantified the perfor-
mance of the proposed Bayesian Deep Q-Learning (DQL) assignment policy across
various operational scenarios involving different transporter fleet configurations and
distinct speed variations among human porters and service robots. We explicitly
compared this policy to several baseline methods, including the deterministic DQL
policy, the heuristic assignment approach, the hospital’s existing operational pol-
icy, and a randomized benchmark. The Bayesian DQL policy consistently demon-
strated superior performance, particularly in complex, heterogeneous fleet environ-
ments characterized by mixed human-robot transporter combinations and varying
transporter speeds. Specifically, under scenarios with 30 porters and 10 robots,
the Bayesian DQL policy achieved an average objective value improvement of ap-

proximately 36.4% over the randomized benchmark, outperforming deterministic
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DQL and heuristic-based methods by margins exceeding 10% and 4%, respectively.
Furthermore, the robustness of the Bayesian DQL policy was underscored by its
consistently low standard deviation in performance across all examined instances,
signifying stable outcomes and adaptability to the dynamic conditions inherent in
hospital operations. Notably, we assessed the performance under different speed
variation scenarios, wherein robots operated at equal, slower, or combined speeds
relative to human porters, necessitating the training of separate Bayesian Neural
Networks (BNNs) tailored explicitly to each speed scenario. This training approach
enhanced the adaptability and efficacy of the Bayesian DQL policy, which main-
tained a performance improvement of nearly 29% even in scenarios involving robots
at significantly reduced speeds. Additionally, our analysis of scenarios in which
transporters had individually assigned heterogeneous speeds revealed further ad-
vantages of our learning-based assignment method, especially when compared to
static or rule-based baselines. Importantly, our evaluations indicated that, even un-
der conditions where robots operated at faster speeds, the frequency of their visits to
recharging stations remained manageable, ensuring operational continuity and min-
imal disruptions. Collectively, these rigorous computational insights underscore the
substantial advantages of employing a Bayesian DQL approach in real-time intra-
hospital transportation systems, particularly highlighting its capability to effectively
navigate complexities and heterogeneity, thereby offering substantial improvements
in operational efficiency and reliability compared to conventional assignment poli-
cies.

As an extension to the assignment optimization evaluated in Phase 1, we further
investigated the routing optimization problem (Phase 2) through rigorous compara-
tive analyses between our Best Insertion, coupled with Adaptive Variable Neighbor-
hood Search (AVNS) heuristic, and exact solutions generated by a Mixed Integer Lin-
ear Programming (MILP) model. The MILP model served as a robust benchmark,
solved to optimality or near-optimality within a one-hour time frame using Gurobi
Optimizer. Computational experiments were conducted across systematically gen-
erated intra-hospital transportation instances, varying from smaller scenarios with

four requests to more complex settings involving up to eight requests, effectively
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simulating realistic operational conditions. Results revealed that for smaller-scale
instances, our proposed heuristic consistently delivered solutions closely aligning
with the optimal values obtained from the MILP model, typically exhibiting objec-
tive function deviations of less than 2%. This highlights the heuristic’s capability to
achieve near-optimal performance even in strictly constrained environments. In con-
trast, as problem complexity escalated to scenarios involving six and eight requests,
the heuristic increasingly demonstrated significant computational advantages. Al-
though the MILP model consistently struggled to find high-quality solutions within
acceptable timeframes, often fully exhausting the allotted computational time, the
heuristic maintained both solution quality and computational efficiency, frequently
outperforming the MILP approach by substantial margins. Specifically, for eight-
request instances, the heuristic solutions deviated from optimality by an average of
only around 3.5%, yet achieved these outcomes with computational times several
orders of magnitude lower than the MILP benchmarks. Thus, this analysis strongly
supports the heuristic’s practical suitability and scalability for real-time routing de-
cisions in dynamic intra-hospital environments, where timely, near-optimal solutions
are crucial.

Furthermore, the numerical results provide robust evidence that our proposed
two-phase approach substantially outperforms the conventional one-phase reopti-
mization method in both computational efficiency and solution quality. Across the
tested scenarios, the two-phase method consistently demonstrates significant run-
time improvements, achieving up to 99.8% reductions compared to the one-phase
baseline, reducing average computation times from approximately 954.97 seconds

ZHT instances. Importantly, these run-

to merely 1.67 seconds in the intensive
time gains do not sacrifice solution quality; indeed, our method often yields supe-
rior objective values. For instance, in high-frequency request scenarios (Z%), the
Bayesian neural network-based assignment followed by Best Insertion augmented
with Adaptive Variable Neighborhood Search (BI4+AVNS) provides average objec-
tive improvements of up to 12.16% compared to the one-phase policy that considers

elapsed delays. In the less frequent request arrival scenario (I/]\D b /10), the advan-

tages become even more pronounced: BI+AVNS reduces average objective values
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dramatically from 1037.89 to 430.15, corresponding to an improvement exceeding
58%, while maintaining substantial runtime advantages. The clear separation of
assignment and routing decisions simplifies each subproblem, enabling local search
heuristics to more effectively optimize transporter routes and thus enhancing over-
all performance. Moreover, the two-phase approach’s reliance on Bayesian neural
network predictions allows for foresighted decision-making, contrasting sharply with
the myopic reoptimization employed by the one-phase baseline. Consequently, our
methodology not only significantly improves real-time responsiveness, crucial in dy-
namic intra-hospital environments, but also maintains robustness and scalability
under varying operational conditions, making it particularly suitable for implemen-
tation in practice.

Our experiments investigating various operational and tactical decisions reveal
significant operational advantages stemming from the incorporation of service robots
alongside human porters within intra-hospital transportation systems. Notably, de-
spite robots being restricted to approximately 40% of total request types, their
integration substantially enhances overall system responsiveness and effectiveness.
Specifically, introducing as few as six robots into a team of sixteen human porters
yields notable reductions, including a decrease in the delay penalties by approxi-
mately 84%, a 15% reduction in porter workloads, and a significant improvement in
workload balance among porters, effectively addressing critical healthcare demands
for rapid, reliable, and equitable task fulfillment. Furthermore, when robots are op-
erating at speeds comparable to human porters, their efficiency becomes particularly
pronounced, underscoring their capability to effectively alleviate the burden on hu-
man resources. Importantly, these benefits plateau beyond a certain robot fleet size,
with marginal gains observed when expanding the robot fleet beyond six units. This
diminishing return highlights the necessity for thoughtful fleet-sizing and operational
policies. Additionally, the clear separation of duties” assigning standardized requests,
such as administrative documents and medical supplies, to robots, while reserving
patient transport and other human-sensitive tasks exclusively for porters” emerges as
a highly effective policy. This strategy capitalizes on the complementary strengths of

automated and human resources, enabling hospital managers to achieve enhanced
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responsiveness without sacrificing operational flexibility or increasing total travel
time. Ultimately, these findings reinforce that effective robotic integration is less
about maximizing automation levels and more about strategically matching robotic
capabilities to task profiles, emphasizing a hybrid operational model designed to
leverage robotic efficiency and human adaptability to elevate overall hospital trans-
port performance.

The most salient feature of our study is the implementation of a comprehensive
two-phase solution approach for dynamic intra-hospital transportation problems,
integrating service robots alongside human porters. Our objective has been to en-
hance system responsiveness and operational efficiency by strategically assigning
different request types”including on-demand and scheduled patient transportation,
medical supplies, medical equipment, and administrative documents”to the appro-
priate transporter types based on eligibility and capacity constraints. We accounted
for the heterogeneous capabilities of transporters, considering that human porters
can handle all request types, whereas service robots have limitations in handling
certain requests, primarily patient-related tasks. Our methodology involves employ-
ing a Bayesian Deep Q-Network (DQN) integrated with a Best Insertion heuristic
for initial assignment, followed by Adaptive Variable Neighborhood Search (AVNS)
to further optimize routes dynamically. This novel integration of machine learning
and heuristic optimization strategies has demonstrated significant improvements in
system performance metrics, including reduced travel times, lower delay penalties,
and more equitable workload distributions.

Future research directions stemming from our study include:

e Extending the developed models to multi-period settings to account for longer
planning horizons, where resource availability, transporter schedules, and de-

mand patterns might vary significantly across days or weeks.

e Investigating advanced predictive analytics and real-time forecasting tech-
niques to anticipate request arrivals, transporter availability, and congestion
hotspots within the hospital, thereby improving proactive and dynamic allo-

cation policies.
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e Developing more sophisticated robot eligibility criteria, potentially expanding
the types of requests service robots can handle through technological advance-

ments or task simplification, to increase automation effectiveness.

e Exploring the incorporation of uncertainty and stochastic elements into the
model, such as varying transporter speeds, elevator congestion, or patient

readiness delays, utilizing robust or stochastic optimization frameworks.

e Considering integrated planning of service robot recharging and maintenance
schedules within operational assignment and routing problems, which is crucial

for ensuring continuous robot availability and operational reliability.

e Investigating human factors and ergonomics considerations by studying how
service robot integration affects human porter satisfaction, task complexity
perception, and overall workforce well-being, thus promoting better human-

robot collaboration.

e Incorporating heterogeneous skill sets among human porters into the assign-
ment and routing models, recognizing that not all porters may be equally
qualified for all request types, thereby enabling more realistic and efficient

task allocations.

e Evaluating policies for idle transporter behavior, such as whether porters and
service robots should return to their depot or remain stationed near likely

demand hotspots, to balance responsiveness with energy and time efficiency.

These future avenues promise further enhancements in both theoretical frame-
works and practical applications, contributing significantly to the advancement of

intra-hospital transportation logistics and operational management.
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Appendix B

BASELINE POLICIES

In this appendix, we present a detailed explanation of the baseline policies used
for comparison with our proposed learning-based approach. These policies, namely
Trandomizeds Theuristic; Thga "¢, and Thospitar TePresent a spectrum of decision-
making strategies, ranging from uninformed to heuristically informed, and serve as
important reference points in our experimental evaluation. Each policy is applied
at every decision epoch t;, when a new request j, € J is revealed to the system and
must be assigned to a transporter v € V.

The randomized policy 7 qndomizea 1S the simplest among the all and serves as a
naive benchmark. Upon the arrival of request j; at decision epoch k, this policy
selects a transporter uniformly at random from the set of available transporters V;, .
This selection process is entirely independent of the system’s state, including the cur-
rent routes, workloads, or locations of the transporters. Formally, the policy samples
Trandomized(J) ~ U(Vy, ), where U denotes the discrete uniform distribution. Since
this policy does not exploit any operational information, it does not aim to optimize
efficiency or service quality, but provides a lower-bound performance benchmark,
useful for quantifying the value of incorporating even basic system awareness into
dispatching decisions.

The heuristic policy Tpeuristic introduces a more sophisticated decision-making
framework by incorporating key operational features into a cost-based evaluation.
At each decision epoch £, for each available transporter v € V;,, the policy computes
a weighted cost function that captures three dimensions of performance: workload,
travel time, and delay penalty as in the main objective function, the current workload
W L, (), the travel time component T'T,(tx), and the delay penalty DP,(t;). In fact,
this policy uses the feature set as we consider for training our agent (See Section

6.3.2). These components are then combined using scalar weights w;, ws, and ws,
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resulting in a total cost value C,, , = wy - TT,(t) +wa- W Ly (ty,) ++ws - DP,(tx). The
request is then assigned to the transporter that has minimum total cost, such that
Theuristic(J) = arg mingey;, Cy . This policy, while not adaptive or learning-based,
effectively captures the primary objectives of the our problem, balancing efficiency,
fairness, and punctuality. It thus offers a strong heuristic benchmark, representing
the performance of a dispatcher that makes informed yet immediate decisions based
on full knowledge of the current system state.

The Neural Network (NN)-based policy mpge ™" serves as a learning-based
baseline and is constructed using the same feature set employed for training our
proposed agent (see Section 6.3.2). This policy adopts a standard Deep Q-Network
(DQN) framework, where the Q-function is approximated by a deterministic Neural
Network trained via temporal-difference learning. At each decision epoch k, for
each available transporter v € V,,, where V,, C V,, that contains N actions with
minimum weighted sum as we have for BNN, the policy estimates the Q-value of
assigning request j, to transporter v using a forward pass through the trained Q-
network. The assignment decision is then made by selecting the transporter with
the highest predicted Q-value. Unlike our Bayesian approach, this policy does not
model uncertainty and thus lacks the capacity to capture predictive variance across
state-action pairs. Nevertheless, it provides a useful baseline for evaluating the
contribution of uncertainty modeling in decision performance under dynamic and
stochastic hospital conditions.

The hospital policy Trespitar reflects the real-world strategy employed in the hos-
pital’s current transportation system and is used as a constructive heuristic in our
first benchmark, as defined in Appendix C. However, we make an improvement in
the current policy according to preliminary results. In the current system, at each
decision epoch k, when a new request j, € .J arrives, the system identifies the
distance of all the transporters to the pickup location sj,, based on RFID-derived
travel time estimates. the system identifies a subset of transporters located within
a predefined proximity threshold to the pickup location s;, , based on RFID-derived
travel time estimates. Let V;, C V denote the set of transporters who are within

this acceptable proximity range to s;,. Among this set, the dispatcher selects the
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transporter v* € V;, with the minimum number of assigned requests. The delay
thresholds are defined as 10 minutes for patient transport requests and 15 minutes
for non-patient transport requests. However, according to our preliminary results,
this strategy although may result in good solution in some case, mainly results in
substantially worse solutions. Consequently, we modify the current strategy by con-
sidering the distance as penalty to the current strategy, meaning that if a transporter
is outside the defined proximity, cost function defined before which is the weighted
sum of T'T,(ty), WL,(ty), and DP,(t;) is increased by a percentage.

We introduce this modification because solely considering the number of requests
assigned to a transporter, without accounting for workload, travel time, and delay
penalty, may not fully reflect the operational state necessary for improved decision-
making. Moreover, in certain scenarios, assigning a request to a transporter outside
of the predefined distance threshold may actually be more beneficial. Our approach
is inspired by the proximity-based assignment methodology in [Sun et al., 2025],
where the hospital is divided into proximity zones and assignments are adjusted by
a percentage if the transporter and request’s pickup location are in different zones.
In our adaptation, we define these “zones” in terms of delay thresholds and apply a
percentage-based penalty to the assignment cost, which itself is the weighted sum of
workload, travel time, and delay penalty, if the transporter is outside the acceptable
proximity range. This improvement introduces a trade-off between the transporter’s
spatial distance and its current operational state, promoting a more balanced and

context-aware assignment policy.
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Appendix C

BENCHMARK

For our benchmark, we investigate methodologies that contrary to our solu-
tion approach, simultaneously tackles the assignment and routing problems in the
hospital environment, which is the main solution approach in the studies for intra-
hospital transportation [Ton et al., 2024, Barmann et al., 2024, Fiegl and Pontow,
2009, Beaudry et al., 2010, Kergosien et al., 2011, Molenbruch et al., 2017b].

The Dial-A-Ride Problem (DARP) is a generalization of the Traveling Salesman
Problem (TSP) and is classified as NP-hard. As a result, our problem, which is
described within the DARP framework, possesses this complexity and is hence NP-
hard. Considering this classification, it is essential to note that resolving such prob-
lems in polynomial time by traditional optimization approaches, including branch-
and-bound techniques, is unachievable. Consequently, metaheuristic algorithms are
crucial for identifying near-optimal solutions within a reasonable time. Therefore, to
create a strong bencmark, we implement a Adaptive Tabu Search (ATS) algorithm,
which has demonstrated its effectiveness in addressing DARPs, and for this reasons,
many papers addressing the DARP uses TS [Ho et al., 2018].

The algorithm begins by the initial solution found by 7pespitai. In the static
version, an initial complete solution is first constructed using the policy, after which
the Adaptive Tabu Search is applied to improve it once all requests have been
scheduled. In contrast, in the dynamic version, the policy is used to insert each
newly arriving request into the current solution, followed immediately by a Adaptive
Tabu Search to refine the updated solution.

The improvement process begins with a shaking phase, where a 2-Exchange move
is applied to perturb the current solution and help escape local minima. During the
shaking phase, the algorithm performs a 2-Exchange move, where requests between

transporters are exchanged to disrupt local optimality and encourage exploration
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of new solutions. In order to position the exchanged request in the best position
in the routes, we use Algorithm 1. Following the implementation of 2-Exchange
move, a local search is triggered. The local search phase utilizes four operators
adapted from [Braekers et al., 2014]: Relocate and Exchange inter-route operators,
the Swap intra-route operator, and a route Eliminate operator. These operators
are selected for their computational efficiency, enabling thorough exploration within
limited computational timeframes. As explained by [Braekers et al., 2014], although
several advanced operators have been introduced, these operators are computation-
ally affordable, enabling a significant number of iterations within a restricted amount
of computation time. As a result, given the need for rapid decision-making in a real-
time setting of our problem, we employ such operators to enable extensive searching
through a large number of iterations in a limited amount of computational time.
The Relocate operator selectively removes a request from one transporter’s route
and attempts to reinsert it into the most advantageous position within another
transporter’s route using Algorithm 1. Formally, let F,; C J,; be the subset of
requests that have already been initiated and thus are fixed at decision epoch k.
The operator is applied on each node j € J,x \ F, of a single randomly selected
route I'y ;. For each such request, the algorithm evaluates all other transporters
v € V'\ {v} and computes the cost of inserting j into Iy, denoted as AC;,,. The
insertion is only accepted if it maintains feasibility. The request j is then reassigned
to the transporter and insertion position that yields the minimum increase in cost:

v* =arg min {ACj, :insertion of j into I',s is feasible} .
o' eV\{v}

The Ezchange operator, on the other hand, alternates between exchanging two
requests from different routes or exchanging the transporters of two routes. Each
implementation begins by randomly selecting a transporter v € V. In the first
variant, the algorithm considers exchanging a request j € J,; \ F, with a request
Jj" € Jyi \ Fyy from another transporter v € V' \ {v}. For each feasible pair

(7,7"), the algorithm evaluates the cost of mutual exchange and selects the pair that
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minimizes the total objective cost:

(5%,7,v") = arg  min {C(Fv,k \ {s, d, d*} U {sjr, djl-,, d}},

jer,k\Fv,k I
leJv’,k\Fv’,k
v eV\{v}
Fv’,k\{sj’vd}’ud?’} U{S],djl,d?})} (C]')

In the second variant, the entire route I'y;, is exchanged with I'y ;, again pro-
vided that this exchange is feasible with respect to fixed requests, robot/patient
compatibility, and other operational constraints.

Finally, the Eliminate operator aims to decrease the number of transporters in
use. It operates by randomly selecting a transporter v € V', removing all allowed
requests from its route, and then reinserting these requests across other routes in
random order to the most suitable positions in the best routes. Let Jeym = Jp i\ Fok
denote the set of removable requests. For each j € J.;m, the algorithm identifies a
transporter v € V' \ {v} that can accommodate the insertion of j, and assigns:

v; =arg min {ACj, :insertion of j into I,y is feasible} .
v eV\{v}

If all requests in J.;, are successfully reassigned without violating feasibility, then
I,k is eliminated, thus reducing fleet size.

The Swap operator is similar to the operator defined in Phase 2 of our solution
approach. It performs intra-route refinement by selecting pairs of requests within a
single route and evaluating whether exchanging their positions improves the solution.
Specifically, for each transporter v € V, and for every unordered pair (ni,ns) €
Cok \ UjeFuﬁk{sj, d},d7}, the operator swaps their positions in I'y if the modified

route F; i 1s feasible and yields a lower cost:
If C’(F;Jg) < CT'y k), then apply (ny <> ns).

During each iteration, the algorithm maintains a current solution and gener-
ates a candidate solution by first applying a shaking phase, followed by one of the
three primary neighborhood operators, Relocate, Exchange, or Eliminate, selected

stochastically. The resulting solution is further refined using the Swap operator,
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which performs intra-route adjustments to improve local structure. Each candi-
date solution is evaluated based on the weighted objective function C'(S), composed
of total travel time, workload imbalance, and delay penalties, as defined in Equa-
tion 4.50. If the candidate solution is either better than the best-known solution or
not forbidden by the tabu list, it is accepted as the new current solution. The tabu
list, which stores recently applied moves, is dynamically updated to avoid cycling
and diversify the search.

If the new solution S’ yields a lower cost than the best-known solution St it is
adopted as the new best: S*' «+— §’. The tabu list size is also adaptively adjusted,
shrinking when improvements occur to encourage intensification, and expanding
when stagnation is detected to promote diversification. This iterative process con-
tinues until a maximum number of iterations L., is reached or no improvements are
observed over a predefined number of iterations Ly impr- The complete description
of the Adaptive Tabu Search algorithm for the assignment and routing problem is

presented in Algorithm 4.

Table C.1: Summary statistics (min, max, mean) for Objective Difference (%) and Run-

time Ratio of ATS across different numbers of requests.

Obj % Diff. Runtime Ratio
Requests
Min Max Mean | Min Max Mean
8 -6.30 12.88 5.58 24.85 136.36  86.95
10 -9.44 9.15 1.46 13.99 60.17 40.30
12 -29.42 049 -12.35 | 7.82 30.14 19.65

We evaluate the effectiveness of the Adaptive Tabu Search (ATS) against our
MILP model with 1 hour on time limitation by performing tests on 10 distinct test
cases for each request size using the instance set ZF. Each instance was outfitted
with a varied fleet of three transporters, comprising two porters and one service
robot. Table C.1 presents the summary statistics of this comparison, specifying the
minimum, maximum, and average objective percentage differences as well as the

runtime ratios between ATS and MILP-TL. A positive objective difference indicates
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Algorithm 4 Adaptive Tabu Search - Assignment and Routing Problem

© X NPTy

WL W O W W W R N R DD RN N N D e e e e e

37:
38:
39:
40:

Input: distance_matriz, service_times, robots_list, fixed nodes, initial_solution, initial_cost, depot,
transporter, max_iter, min_tabu_list_size, max_tabu_list_size, max_non_improvement.

Output: best_solution, best_cost

. Initialize tabu_list < []
. current_solution < initial_solution

. best_solution <+ initial _solution

best_cost < initial _cost
tabu_size < min_tabu_list_size
iter < 0

no_tmprovement_count < 0

. while iter < max_iter do

iter <— iter + 1
improvement_found < False
Randomly choose one of the local search operators (relocate, exchange, eliminate)
new_solution < ApplyOperator(current_solution)
Perform Swap operator for all routes in new_solution
new_solution < GetRoutesWithRechargingStations(new_solution)
current_cost < compute_total_cost(new_solution)
current_solution <— new_solution
move < (operator_type, new_solution)
if current_cost < best_cost or move ¢ tabu_list then
tabu_list.append(move)
if len(tabu_list) > tabu_size then
Remove the oldest move from tabu_list
end if
if current_cost < best_cost then
best_solution < current_solution
best_cost < current_cost
tabu_size <— max(min_tabu_list_size, tabu_size — 1)
improvement_found < True
no_improvement_count < 0
else
tabu_size + min(maz_tabu_list_size, tabu_size + 1)
end if
end if
if not improvement_found then
no_improvement_count <— no_-improvement_count + 1
end if
if no_improvement_count > max_non_improvement then
break
end if
end while

return best_solution, best_cost
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that ATS underperformed compared to MILP-TL, whilst a negative value signifies
superior performance by ATS.

For the smaller 8-request instances, ATS demonstrates a mean objective increase
of 5.58%, indicating marginally worse solutions compared to MILP-TL. Nonetheless,
this disparity is mitigated by a significant decrease in runtime, with ATS operating
on average 87 times more swiftly. In the cohort of 10 requests, ATS yields an av-
erage objective of +1.46% compare to MILP-TL, along with notable computational
efficiencies, approximately 40 times faster.

Notably, when the problem size escalates to 12 requests, ATS surpasses the
MILP-TL model, attaining an average objective reduction of —12.35%, with peak
improvements reaching —29.42%. This transition results from MILP solvers’ failure
to obtain high-quality solutions within the given time frame, whereas ATS consis-
tently navigates and exploits the solution space efficiently. The software preserves
its computational efficiency, achieving an average runtime ratio of around 20, even
under increasingly complex situations.

The results highlight the effectiveness and scalability of the suggested ATS meta-
heuristic. Although MILP-TL may produce slightly superior solutions for smaller
problem sizes, its effectiveness significantly declines as the instance size escalates
due to temporal constraints. Conversely, ATS consistently provides superior solu-
tions across all evaluated instance sizes, frequently surpassing MILP-TL in bigger
cases while necessitating considerably less computational time. This illustrates the
resilience of ATS in managing heightened problem complexity and its appropriate-
ness for operational contexts when computational resources are constrained or swift

decision-making is critical.
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Appendix D

SCATTER AND BOX PLOTS FOR DIFFERENT FLEET
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Figure D.1: Scatter and box plots for 25 test instances across various policies, and

30 porters and 0 service robots.
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Figure D.2: Scatter and box plots for 25 test instances across various policies, and

30 porters and 5 service robots.
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Figure D.3: Scatter and box plots for 25 test instances across various policies, and

30 porters and 10 service robots.
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Figure D.4: Scatter and box plots for 25 test instances across various policies, and

40 porters and 0 service robots.
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Figure D.6: Scatter and box plots for 25 test instances across various policies, and

40 porters and 10 service robots.
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Appendix E

SCATTER AND BOX PLOTS FOR DIFFERENT
SERVICE ROBOTS SPEED VARIATION FACTORS
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Figure E.1: Scatter and box plots for 25 test instances across various policies, and

speed variation factor 1.
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Figure E.2: Scatter and box plots for 25 test instances across various policies, and

speed variation factor 1.25.
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Figure E.4: Scatter and box plots for 25 test instances across various policies, and

speed variation factor 2.
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Appendix F

NOTATION SUMMARY

Table F.1: Table of notations for sets.

Notation | Explanation
J Set of transportation requests.
P Set of pickup points.
D Set of delivery nodes.
D, Set of first delivery points.
D, Set of second delivery points.
N Set of all nodes.
A Set of all arcs.
Q Set of all depots.
RS Set of recharging stations.
% Set of all transporters.
%1 Set of all group one porters.
%) Set of all group two porters.
R Set of all service robots.
R Set of all service robots.
Ji Set of requests type 1.
K Set of capacity types.




Appendiz F: Notation Summary

173

Table F.2: Table of notations for parameters.

Notation | Explanation
5j Pickup point of request j.
d; First delivery point point of request j.
df Second delivery point of request j.
c;j Type of request j.
i) Priority type of request j.
k; Capacity type of request j.
tj Arrival time of request j.
b; The duration of time for request j after which the penalty begins to be
counted.
Bj the penalty for each time unit of delay for request j.
@ Increase rate for slop of the penalty function.
T The break-point where the slope of the linear function increases.
BL The base level for service robots recharging policy driven from (r, Q)
inventory management policy.
RL The recharge level for service robots recharging policy driven from (r, Q)
inventory management policy.
T Length of planning horizon.
dmn Travel time between nodes m and n.
Gmk Weight type k associated with node m.
Ym Difficulty score of node m.
Ck Capacity type k of transporters.
Sm Service time associated with node m.
Crnkuv Capacity-related parameter equal to min{cg, cx + Gmi }, where ¢ is the
capacity of type k for transporter v.
U Binary parameter equal to 1 if node m € N is the pickup point (o = 0),
first delivery point (o = 1), or second delivery point (o = 2) of request
j € J; 0 otherwise.
dmn Travel time between nodes m € N and n € N.
Qmk Required capacity of type k € K at node m € N.
Sm Service time at node m € N.
wi, we, w3 | Weights associated with each term in the objective function.
tj Arrival time of request j € J.
b; Time after which the delay penalty begins for request j € J.
T End of the planning horizon.
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Table F.3: Table of notations for parameters.-Cont'd

Notation | Explanation
I6] Penalty coefficient for delay in completing request j.
Ym Score assigned to node m € N.
M A sufficiently large constant used in constraint formulations.
l Maximum allowed ride time.
fiv Binary parameter equal to 1 if request j € J can be handled by trans-
porter v € V; 0 otherwise.
r Discharging rate of battery per unit of time or distance.
p Fixed recharging amount at each recharging visit.
Recharging rate of the battery during charging.
hmaz Maximum battery capacity of each service robot.
T Minimum allowed charge level (safety threshold).
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Table F.4: Table of notations for variables.

Notation | Explanation
L, Ride time of request j € J when handled by porter v € V.
C, Equal to 1 if porter v € V is assigned to at least one request; 0 otherwise.
Wk Load of type k € K carried by porter v € V upon arriving at node
n € N.
A Arrival time of porter v € V to node n € N.
Unw MTZ (Miller—Tucker—Zemlin) subtour elimination variable for node n €
N and porter v € V.
E}, Ej2 Delay values associated with the start time of request j € J.
B! Maximum total working time among all porters.
B? Minimum total working time among all porters.
Fonio Binary parameter equal to 1 if service robot v € R visits recharging
station [ € RS between its path from node m € N to node n € N.
Xnw Equal to 1 if node n € N is directly or indirectly visited after node
m € N by transporter v € V; 0 otherwise.
H,, Battery level of service robot v € R upon leaving node n € N.
Frniv Binary parameter equal to 1 if service robot v € R visits recharging
station [ € RS between its path from node m € N to node n € N.
Xonnov Equal to 1 if node n € N is directly or indirectly visited after node
m € N by transporter v € V'; 0 otherwise.
H,, Battery level of service robot v € R upon leaving node n € N.
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Table F.5: Table of notations (others)

Notation

Explanation

Taction
Ji = (Jpks JRK)
' = (Trk Trk)
X (Sk)
Thi= (FJ}E’,I@’FQIE%,I@)
11
Ju
S

PP
7:,\:1/10

IHP
P(7mq)

“A{—\Donek+n}

Jk
Sk
R(Sk, x1)
Wit = {Jk+1, trgr }
Sk

Ty
X™(Sk)
V(Sk)

Qo(sk, k)

Nnodes
Nlayers
Nepisodes
Nrobots
w

b

Set of decision epoch.

Set of assigned transportation requests at decision epoch k.

Set of planned routes at decision epoch k.

Set of possible actions at decision epoch k.

Set of updated planned routes of service robots at decision epoch k.
Set of all policies at all decision epochs (Strategy).

Set of requests assigned to transporter v.

Solution.

Instance set generated using Poison Process with A = 1/10.

Instance set generated using hospital data.

Percentage improvement of policy 7, over policy 7, andomized OUtcomes.
Indicator function that disables bootstrapping if the episode terminates
before step k + n.

Newly arrived request at decision epoch k.

System state at decision epoch k.

Reward of an action xj, at decision epoch k.

Transformation from the current state to the post-decision state.
Post-decision state.

Policy.

Optimal policy.

The objective function value of solution S.

Neighborhoods size in AVNS.

Action taken at decision epoch k.

Action selected by policy 7 at state Sk

State value function; expected cumulative reward starting from state Sy
under policy 7.

Parameterized action value function; estimates the expected cumulative
reward starting from state s, taking action x, and following a policy
represented by parameters 6 thereafter.

Number of neurons in the Neural Network.

Number of hidden layers in the Neural Network.

Number of episodes in the Neural Network.

Number of service robots.

Weight in the Neural Network.

Bias in the Neural Network.

176




Appendiz F: Notation Summary

177

Table F.6: Table of notations (others).-Cont'd

Notation

Explanation

TT, (tk)
W L, (t)
DP,(t)

L(0)
Ak
Yi
M

Ngueue
treopt

telapse

Posterior distribution in the Neural Network.

Mean in the Neural Network.

Standard deviation in the Neural Network.

Unfixed learnable parameter in the Neural Network.

The total travel time of transporter v at time tg.

The workload of transporter v at time ty.

The delay penalty of transporter v at time ty.
Minimatch.

Kullback-Leibler (KL) divergence for parameters 6.

KL weight.

Target Q-value with parameter #~ for the i-th transition.
Reply buffer.

Number of requests in the queue.

Threshold for the time has elapsed since the last optimization.

The elapsed time between two consecutive reoptimization points.
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