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The deployment of battery-operated Unmanned Aerial Vehicles (UAVs) has steadily expanded
for the surveillance and inspection of critical infrastructure, driven by their flexibility, cost-
effectiveness, and capability for repeated missions. One vital application is the continuous
monitoring of hazardous winter road conditions, such as black ice formation, which poses se-
vere risks to public safety. However, utilizing autonomous UAVs for large-scale, time-sensitive
monitoring introduces substantial operational and logistical complexities. This dissertation for-
mally models these challenges as the Multi-Depot Rural Postman Problem with Rechargeable
and Reusable Vehicles (MD-RPP-RRV), wherein UAVs with finite battery capacities must be
dispatched from multiple bases to inspect spatially distributed road segments selected based on
expert-recommendations, undergo frequent recharging, and ensure timely data collection.

Beyond the core deterministic routing problem, real-world operational conditions introduce

critical layers of disruption and uncertainty. In practice, UAVs operate in harsh environments



where prolonged exposure leads to stochastic in-mission vehicle failures. Such disruptions sever
planned routes and leave critical road segments uninspected, severely compromising system reli-
ability. To address this, this research develops robust reactive rescheduling strategies, specifically
introducing centralized and peer-to-peer auction algorithms. By enabling the surviving UAVs to
dynamically bid on and autonomously reallocate abandoned tasks, these auction mechanisms
facilitate efficient, real-time schedule recovery and maintain high coverage levels despite unex-
pected vehicle losses.

Furthermore, while traditional routing models rely on static inputs, real-world hazard forma-
tion is inherently dynamic and governed by significant meteorological uncertainty. Relying on
static historical data often leads to inefficient inspections that prioritize safe roads while active
hazards remain undetected. To effectively manage this spatio-temporal uncertainty, this disser-
tation proposes a comprehensive closed-loop predictive routing framework that tightly integrates
machine learning with combinatorial optimization. A Temporal Graph Neural Network (TGNN)
processes sequential weather data to estimate time-varying hazard probabilities for specific road
segments. These updated probabilities subsequently drive a memory-augmented Simulated An-
nealing metaheuristic, which dynamically generates inspection routes to maximize expected haz-
ard coverage while adhering to strict operational vehicle constraints.

The primary contributions of this research advance the field of autonomous monitoring by
bridging the critical gap between static routing models and dynamic operational uncertainties.
First, it expands the theoretical boundaries of arc routing by formulating the MD-RPP-RRV to
explicitly integrate multiple depots, finite battery capacities, and periodic recharging constraints,
simultaneously providing scalable metaheuristics that overcome the computational limitations of

exact solvers on large networks. Second, it contributes novel reactive rescheduling frameworks



utilizing centralized and peer-to-peer auction mechanisms. Unlike traditional methods that re-
quire complete global rescheduling, these algorithms guarantee real-time mission recovery and
establish theoretical performance bounds during stochastic mid-flight vehicle failures. Finally,
it introduces a closed-loop predictive routing framework that integrates machine learning fore-
casts directly with combinatorial optimization. Unlike traditional routing frameworks restricted
by static networks, this framework continuously predicts dynamic environmental risks and adapts
vehicle routes in response to changing weather forecasts. By developing and integrating memory-
based routing techniques to bypass redundant calculations, the framework ensures computational

tractability while managing rapidly evolving and uncertain environments.
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Chapter 1: Introduction

Combinatorial optimization problems play a pivotal role in the ef cient management of trans-
portation and logistics networks. Among these, the Arc Routing Problem (ARP) is particularly
signi cant because it addresses scenarios in which the primary objective is to service a set of
edges in a graph rather than nodes. A fundamental variant of the ARP is the Rural Postman
Problem (RPP) [1], which seeks to determine cost-optimal routes for a eet of vehicles to tra-
verse a speci ed subset of arcs in a network, referred to as required edges. The objective is to
minimize the total routing cost, typically de ned as the sum of the individual route costs of all
vehicles, while satisfying operational constraints such as vehicle capacity. Closely related prob-
lems include the Chinese Postman Problem (CPP) [2], which requires traversing all edges of the
graph at least once at minimum cost and can be solved in polynomial time [3]. While CPP is not
NP-hard in its classic form the RPP is NP-hard in the general case [4].

The relevance of these routing optimization frameworks has increased with the advent of
autonomous vehicles, which are transforming domains ranging from surveillance [5] to last-mile
logistics [6]. However, unlike traditional eets, autonomous vehicles; speci cally Unmanned
Aerial Vehicles (UAVs), are often constrained by battery life, which signi cantly limits their
range and operational continuity.

Unlike many routing models based on refueling, where replenishment may be abstracted as



restoring vehicle capacity at available service locations, the setting considered in this dissertation
is motivated by depot-based recharging of battery-powered vehicles operating under limited in-
frastructure. In this setting, vehicles cannot generally replenish energy at arbitrary intermediate
nodes and must instead return to designated depots for reuse. While both refueling and recharg-
ing models may require multiple trips, depot-based recharging makes vehicle availability, route
segmentation, and reachable service regions strongly dependent on charging infrastructure and
recharge delays. For this reason, the problem studied here is not simply a refueling model with
modi ed parameters, but a distinct routing setting shaped by infrastructure-dependent energy re-
plenishment. As a result, enabling UAVs to operate effectively in such environments requires al-
gorithms that jointly optimize routing and battery management, dynamically adapt to unexpected
vehicle failures, and integrate predictive mechanisms to navigate time-varying uncertainties.

This dissertation addresses this challenge by studying the Multi-Depot Rural Postman Prob-
lem with Rechargeable and Reusable Vehicles (MD-RPP-RRV). This variant extends the classic
RPP by incorporating multiple depots and allowing vehicles to perform multiple trips by recharg-
ing and reusing the same vehicle. This research presents heuristic and metaheuristic solution
methods for the MD-RPP-RRYV, along with Mixed Integer Linear Programming (MILP) formula-
tions for optimal routing, and evaluates their performance on instances derived from real-world
networks. Furthermore, this work extends the MD-RPP-RRV to account for stochastic failures
by introducing algorithms that handle multiple vehicle failures dynamically and by integrating
the prediction of required edges directly into the routing framework.

This chapter is organized as follows. Section 1.1 details the motivation behind this study,
grounded in real-world applications of UAVs, and outlines the primary research challenges. Sec-
tion 1.2 describes the speci ¢ research questions addressed in this dissertation. Finally, Section

2



1.3 gives a summary of the dissertation's organization.

1.1 Motivation and Research Challenges

The primary motivation for studying the MD-RPP-RRYV lies in its relevance to a broad class
of real-world routing problems involving autonomous and capacity-constrained vehicles. While
the classic RPP has applications in traditional logistics, such as last-mile delivery [7], the rise
of autonomous systems introduces additional constraints related to battery capacity, depot co-
ordination, and vehicle reuse. These features make the MD-RPP-RRV applicable not only to
UAV-based road inspection, but also to other infrastructure inspection tasks such as power line,
pipeline, and railway monitoring, where speci ¢ network segments must be repeatedly traversed
under strict operational limits. Similar structures also arise in waste collection and municipal
service routing, where vehicles may need to return to disposal or service facilities before contin-
uing operation. More broadly, by treating nodes as zero-cost edges, the framework can also be
extended to a wider class of node-routing problems, further expanding its applicability.

This adaptability makes the MD-RPP-RRV relevant to diverse industries. For instance, com-
panies like Zipline use autonomous drones for medical deliveries [8], a scenario where multi-
depot coordination and battery management are critical for ef cient operations. Similarly, the
framework can be applied to agricultural monitoring, pipeline inspection, and disaster response,
where vehicles must cover speci ¢ areas or paths while adhering to strict operational limits.

Despite this broad applicability, this research is directly motivated by the speci ¢ and critical
problem of planning routes for UAVs in hazardous weather conditions. Icy roads are a signi cant

cause of accidents due to their slippery nature, a condition especially severe in snowy regions



which constitute roughly 70 percent of the United States [9]. Providing drivers with timely in-
formation about icy roads can prevent accidents, but acquiring this data presents a logistical
challenge. Information about possibly icy road segments is often obtained from analyzing his-
torical data on road conditions and through expert opinion. However, these predictions require
veri cation; the road segments must be visually inspected to con rm the presence of ice.

UAVs are ideal for this task as they can use onboard Long-Wave Infrared (LWIR) thermal
sensors to collect data about potentially hazardous roads [10]. In this scenario, UAVs are de-
ployed from bases located at different points in an Area of Interest (AOI). The vehicles must
travel from the bases, visually inspect the speci c road segments identi ed as potentially icy, and
return to a base. However, these vehicles have a limited range due to battery capacity. To operate
effectively, they must visit a base to recharge before their battery is depleted, often necessitating
multiple trips to complete a full inspection mission. By representing the road network in the AOI
as a graph, the bases become a subset of nodes called depots, and the possibly icy roads become
a subset of edges called required edges. The problem of routing these UAVs optimally, ensuring
they traverse all required edges while managing battery constraints and recharging schedules,
transforms into the MD-RPP-RRV.

To fully realize the potential of this framework in such demanding environments, several
operational realities and computational challenges must be addressed. First, establishing a foun-
dational routing strategy presents a signi cant hurdle. Without ef cient algorithms to solve the
core MD-RPP-RRY, it is impossible to generate feasible routes that respect the strict battery and
multi-depot constraints required to collect visual data. The MD-RPP-RRV is an NP-hard problem
that combines the complexities of the RPP with multi-depot and battery constraints. Developing
an algorithm that can balance solution quality with execution time, especially for large-scale

4



instances, presents a signi cant theoretical and computational challenge.

Second, operations in harsh winter environments necessitate fault tolerance. UAVs operating
in freezing temperatures are highly susceptible to rapid battery depletion and mechanical failures
due to prolonged usage in adverse weather. In a static routing scenario, a single vehicle failure
can leave critical road segments uninspected, potentially endangering drivers. Therefore, it is
crucial to develop dynamic rescheduling frameworks that allow the remaining eet to adapt in
real time to ensure mission continuity. The primary challenge lies in the strict time constraints
required for real-time mission continuity; generating a feasible recovery plan for multiple simul-
taneous vehicle failures in seconds, rather than hours, without sacri cing solution quality requires
complex optimization strategies.

Finally, the stochastic nature of ice formation requires adaptive planning. Relying solely on
static historical data or initial expert opinion is often insuf cient because road conditions change
rapidly due to shifting weather patterns, temperature uctuations, and traf c ow. By integrating
prediction mechanisms directly with routing algorithms, the system can utilize incoming weather
forecasts to update the probability of ice on speci ¢ edges. However, the integration of rout-
ing with time-varying prediction mechanisms introduces signi cant stochasticity. Developing a
scalable approach that can simultaneously update edge probabilities based on incoming data and
optimize inspection schedules over a nite time horizon, all while managing the computational
expense of dynamic decision-making, remains a critical challenge.

The overall research objective of this dissertation is to develop a comprehensive algorithmic
framework for the MD-RPP-RRV that is computationally ef cient in managing strict battery
constraints, robust to unexpected multiple vehicle failures during operation, and adaptive to time-

varying environmental uncertainties through integrated predictive routing.
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1.2 Research Questions (RQSs)

This dissertation will endeavor to answer the following research questions:

RQ1: How can ef cient algorithms be designed to solve the MD-RPP-RRV, considering
the routing of rechargeable and reusable vehicles from multiple depots while accounting for their
limited battery and recharging constraints? (Chapter 3)

RQ2: How can dynamic rescheduling frameworks be developed for the MD-RPP-RRYV to
ensure mission continuity and computational ef ciency in the presence of multiple unexpected
vehicle failures? (Chapter 4)

RQ3: How can prediction mechanisms for time-varying uncertain edges be integrated with
routing algorithms in the MD-RPP-RRYV to optimize inspection schedules over a nite time hori-

zon? (Chapter 5)

1.3 Dissertation Organization

This dissertation is organized as follows. Chapter 2 provides a review of the relevant literature
associated with the research questions. Chapter 3 formulates the deterministic MD-RPP-RRV
and develops heuristic and metaheuristic solution methods for routing rechargeable and reusable
vehicles across multiple depots. Chapter 4 extends the MD-RPP-RRV to account for stochastic
vehicle failures and presents a reactive rescheduling framework to maintain mission feasibility
under dynamic disruptions. Chapter 5 introduces a closed-loop predictive routing framework that
integrates spatio-temporal machine learning forecasts with memory-augmented optimization to

dynamically adapt to time-varying environmental uncertainty. Finally, Chapter 6 concludes the



research by summarizing the primary highlights, detailing the core contributions, and outlining

promising directions for future work.



Chapter 2: Literature Review

This chapter provides a comprehensive review of the literature relevant to the research ques-
tions introduced in Chapter 1. The review is organized to clarify the structural and operational
challenges associated with the MD-RPP-RRV and its dynamic extensions within ARP. Section
2.1 examines prior work on Multi-Depot and Multi-Trip arc routing and identi es the absence of
a uni ed framework that jointly considers these constraints for rechargeable vehicles (RQ1). Sec-
tion 2.2 reviews the literature on dynamic routing, vehicle failures, and auction-based reschedul-
ing, highlighting the lack of real-time methods capable of rescheduling routes in real-time in
multi-depot eets without redundant resources (RQZ2). Finally, Section 2.3 reviews the literature
on periodic routing and machine learning-based hazard prediction, identifying the critical need
for a closed-loop framework that integrates edge-level environmental predictions directly with

multi-depot routing decisions (RQ3).

2.1 Background on Multi-Depot and Multi-Trip Arc Routing for RQ1

To address the algorithmic challenges posed by RQ1, which concerns multi-depot and multi-
trip routing with rechargeable vehicles, it is necessary to review the theoretical foundations of the
underlying routing problems. This section organizes the literature into fundamental arc routing

frameworks, multi-depot variants, and multi-trip extensions in order to clarify the key contribu-



tions and limitations of existing research relevant to the MD-RPP-RRV.

2.1.1 The Rural Postman and Capacitated Arc Routing Problems

The MD-RPP-RRV extends the classical RPP [1]. In this variant, the objective is to mini-
mize the maximum cost incurred by vehicles while traversing required edges in a graph. The
computational dif culty of this class of problems is well established in the literature [3, 4]. The
MD-RPP-RRYV inherits this inherent complexity because it reduces to the standard RPP when
restricted to a single depot and a single trip per vehicle, thereby retaining the NP-hard structure
of the underlying routing problem.

The RPP is closely related to the broader CARP framework, which focuses on servicing
edges using capacity-constrained vehicles that depart from a central depot. The single-depot
CARP has been extensively studied, with numerous strategies developed to optimize routing costs
[11, 12, 13, 14, 15]. However, these foundational models assume a single starting location and
therefore do not capture the distributed structure of modern autonomous eets. This limitation

motivates the study of multi-depot variants, which are reviewed in the following subsection.

2.1.2 Multi-Depot Variants and the Single-Trip Limitation

The Multi-Depot CARP (MD-CARP) [16] extends the classical problem by stationing vehi-
cles at multiple depots and requiring routes to start and end at designated locations. Although this
variant has received less attention than the single-depot case, recent algorithmic advances have
been reported. Kansou et al. [17] developed a memetic algorithm and Ant Colony Optimization

metaheuristic to establish improved upper bounds. Similarly, Hu et al. [18] proposed a Hybrid



Genetic Algorithm with Perturbation that produces competitive routing solutions.

Research speci cally addressing the Multi-Depot RPP (MD-RPP) is comparatively limited.
Ferrandez et al. [19] introduced a Mixed Integer Linear Programming formulation for the MD-
RPP on undirected graphs using a branch-and-cut solution strategy to minimize routing costs.
Chen et al. [20] studied the Min-Max MD-RPP in the context of police patrolling and proposed
a tabu-search-based method with lower bounds for evaluating route balance. Despite these ad-
vances, a persistent limitation remains. Existing multi-depot formulations generally assume that
each vehicle performs only a single trip. This assumption does not re ect the operational char-
acteristics of rechargeable autonomous vehicle eets, in which vehicles must be recharged and

reused to complete missions that exceed single-charge endurance.

2.1.3 Multi-Trip Extensions and Rechargeability

Vehicle reusability has been investigated within the Multi-Trip CARP, although primarily in
single-depot environments. Tirkolaee et al. [21] developed a Mixed Integer Linear Programming
model together with a hybrid algorithm based on an Improved Max-Min Ant System for urban
waste collection, demonstrating effectiveness on large-scale instances. Extending this line of
work, Tirkolaee et al. [22] proposed a Hybrid Genetic Algorithm for a green multi-trip CARP
formulation that minimizes emissions. While these studies successfully model repeated vehicle
usage, they do not address the spatial coordination challenges that arise when multiple depots are
present.

Related CARP variants introduce intermediate service locations that are conceptually similar

to rechargeability. Ghiani et al. [23] studied the CARP with Intermediate Facilities, in which
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vehicles may re Il or unload at designated nodes, while the CARP with Re Il Points allows mo-

bile re Il resources to meet service vehicles in the eld [24]. However, these actions are typically
modeled as brief service events rather than explicit end-of-trip transitions. In contrast, the present
work assumes depot-based recharging, where energy restoration is restricted to designated depots
that also serve as launch and recovery locations. As a result, route feasibility and vehicle reuse are
shaped more strongly by repeated depot returns, recharge delays, and depot placement, making
the MD-RPP-RRYV a distinct multi-depot, multi-trip routing setting. Consequently, they do not
fully capture the operational structure required for coordinated multi-depot, multi-trip routing.
These limitations highlight the need for a uni ed formulation that simultaneously incorporates

multiple depots and vehicle reusability.

2.1.4 Summary of Research Gaps for RQ1

The literature reveals a clear structural divide. Multi-depot studies largely omit vehicle
reusability, whereas multi-trip studies are predominantly con ned to single-depot settings. As
a result, no uni ed framework currently integrates both constraints within a single arc routing
formulation. The MD-RPP-RRYV requires vehicles to be explicitly recharged and reused across
multiple trips, potentially beginning and ending at different depots to achieve ef cient coverage.
Existing approaches for the MD-RPP or Multi-Trip CARP cannot be directly applied because
they assume either single-depot routing or single-trip vehicle operation.

This dissertation develops specialized algorithms that address this gap by jointly considering
multiple depots, multiple trips, and rechargeable vehicle constraints, thereby enabling persistent

and coordinated multi-vehicle routing in large-scale operational environments.
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2.2 Literature Review for Dynamic Rescheduling under Vehicle Failures (RQ2)

Research Question 2 examines how coordinated multi-depot, multi-trip routing with recharge-
able vehicles can be dynamically rescheduled when stochastic vehicle failures occur during mis-
sion execution. Addressing this question requires understanding prior work on disruption man-
agement in routing systems. Accordingly, this section reviews the literature on dynamic routing
and vehicle failure handling relevant to the MD-RPP-RRV with failures.

The introduction of failures transforms the static MD-RPP-RRV into a dynamic rescheduling
problem in which untraversed required edges due to vehicle failures must be redistributed among
remaining active (non-failed) vehicles dynamically in real-time. Although stochastic failures
are not commonly modeled in classical RPP formulations, related insights arise from dynamic
variants of the CARP [25, 26, 27, 28] and the Vehicle Routing Problem (VRP) [29, 30, 31].
The review is organized into two categories: dynamic routing strategies and auction-based task
reallocation methods. This structure highlights the absence of real-time rescheduling approaches

for multi-depot failures in eets that operate without spare vehicles.

2.2.1 Dynamic Routing with Vehicle Failures

Vehicle failure management represents a class of dynamic routing problems in which oper-
ational plans must adapt to real-time disruptions. In arc routing, the Dynamic Capacitated Arc
Routing Problem (DCARP) incorporates temporal variation in demand, service cost, and vehicle
availability [32, 33, 34]. Liu et al. [35] investigated a multi-depot DCARP with uctuating avail-
ability using a memetic algorithm. Their formulation assumes that failed vehicles can be repaired

and immediately returned to service, which neglects repair delays and transport requirements that
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are critical in time-sensitive missions.

Licht et al. [36] proposed a local repair strategy based on Mixed Integer Linear Programming
for the Rescheduling Arc Routing Problem (R-ARP). While effective for isolated failures, this
method minimizes disruption through localized route modi cation. Extending such MILP-based
repair to multi-depot systems with capacitated vehicles and multiple concurrent failures may be
computationally expensive and unsuitable for real-time deployment.

In node routing, referred to as the Vehicle Rescheduling Problem (VRSP), Li et al. [37, 38]
applied sequential and parallel auction mechanisms to dynamically reassign trips. Although par-
allel auctions improve computational ef ciency, the formulation assumes discrete node visitation
rather than continuous edge traversal, limiting applicability to arc routing. Additional approaches,
including a Lagrangian heuristic [39] and tabu search for disruption minimization [40], similarly
depend on the availability of spare depot vehicles to absorb failures. This assumption is incom-
patible with lean autonomous eets and exposes a critical gap in redistributing un nished service

among an active and capacity-limited vehicle set.

2.2.2 Auction Algorithms for Task Reallocation

The limitations of dynamic routing and rescheduling methods motivate the use of auction-
based coordination mechanisms for redistributing routing responsibilities after vehicle failures.
In the MD-RPP-RRV with failures, un nished required edges from failed vehicles must be reas-
signed to remaining vehicles while respecting capacity, energy, and depot constraints. This redis-
tribution structure is analogous to the Generalized Assignment Problem (GAP) [41], where tasks

must be allocated to limited-capacity resources while minimizing overall cost. Consequently,
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auction algorithms provide a natural framework for task reallocation in this setting [42, 43, 44].

Auction-based approaches are broadly categorized as decentralized or centralized. Decen-
tralized algorithms [45, 46, 47, 48, 49] rely on peer-to-peer negotiation among vehicles and offer
robustness to communication loss. However, these methods often converge to locally optimal so-
lutions and may require many communication rounds. In the MD-RPP-RRV, where battery limits
are strict and multiple failures may occur simultaneously, slow convergence and local optimality
signi cantly reduce their effectiveness for real-time rescheduling.

Centralized auctions [50, 51, 52] instead employ a central coordinator that maintains a global
system view and enables faster and more coordinated reassignment decisions. Although solving
the resulting NP-hard allocation problem exactly is computationally demanding [53], heuristic
variants such as combinatorial [54, 55] and greedy auctions [55] improve computational tractabil-
ity. Existing centralized formulations, however, primarily address static allocation settings in
which each vehicle is assigned a single independent task. They do not support the dynamic parti-
tioning and reassignment of multiple partially completed routes that arise when several vehicles
fail during execution in a multi-depot environment. This limitation highlights the need for spe-
cialized rescheduling mechanisms tailored to the structural properties of the MD-RPP-RRV with

failures.

2.2.3 Summary of Research Gaps of RQ2

The literature on dynamic routing and vehicle failure management reveals several limitations
in relation to the MD-RPP-RRV with failures. Existing DCARP and related arc routing formu-

lations commonly assume that failed vehicles can be repaired and returned to service within the
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operational horizon, while local MILP-based repair methods do not scale to multi-depot settings
with multiple concurrent failures. Node-based rescheduling approaches such as the VRSP rely on
discrete node visitation and the availability of spare depot vehicles, which is incompatible with
lean autonomous eets operating under strict capacity and energy constraints.

Auction-based coordination methods enable task reallocation among active vehicles, yet de-
centralized approaches often converge slowly to locally optimal solutions, and centralized ap-
proaches typically assume static allocations and do not support reassignment of partially com-
pleted routes after simultaneous failures. As a result, existing literature does not provide a uni ed
real-time rescheduling framework for stochastic multiple failures in multi-depot arc routing sys-

tems with rechargeable and reusable vehicles.

2.3 Literature Review for Prediction and Routing (RQ3)

Research Question 3 addresses the integration of machine learning models for predicting icy
road conditions with routing algorithms that direct battery-operated vehicles to traverse edges
whose statuses are time-varying over a nite planning horizon. To thoroughly evaluate this chal-
lenge, it is necessary to examine two primary research areas: periodic routing, which focuses on
designing routes for repeated inspection tasks, and machine learning approaches used to fore-
cast speci c road-level hazards, such as ice formation, using meteorological forecast data. This
section reviews these two domains to identify current methodological limitations. Speci cally,
it demonstrates the lack of a closed-loop framework capable of directly incorporating edge-level

road condition predictions into multi-depot routing decisions.
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2.3.1 Periodic Node Routing

Periodic routing involves operational scenarios where services must be performed repeatedly
over a nite planning horizon rather than being completed in a single tour. In the context of
node routing, this is predominantly formalized as the Periodic Vehicle Routing Problem (PVRP),
where discrete customer locations require multiple visits according to an allowable set of service
combinations over a multi-day horizon [56]. The PVRP has been applied to a wide range of
real-world application requiring service regularity, including municipal waste collection [57],
supermarket inventory replenishment [58], and periodic maintenance scheduling.

The computational dif culty of the PVRP has driven the development of diverse solution
methods over the past four decades. Early heuristic approaches primarily focused on decompos-
ing the problem by rst assigning customers to speci ¢ service days and subsequently solving
the resulting daily vehicle routing problems [59]. As computational capabilities evolved, meta-
heuristics became the standard for solving large-scale PVRP instances. Notable advancements
include Tabu Search frameworks that concurrently optimize day assignments and routing [60],
Variable Neighborhood Search algorithms that systematically alter neighborhood structures to
escape local optima [61], and Hybrid Genetic Algorithms [62]. Furthermore, exact methods
have seen signi cant progress, with sophisticated integer programming and bounding techniques
successfully solving standard PVRP instances to near optimality [63].

Despite this extensive body of literature, periodic node routing formulations are inherently
limited to servicing discrete vertices. They optimize the travel between speci ¢ geographic points
but cannot appropriately model scenarios where the service activity, such as visual inspection,

must occur continuously while traversing the paths between points. This limitation necessitates
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the study of periodic arc routing frameworks, which extend these periodic scheduling concepts

to networks where service is required on edges rather than nodes.

2.3.2 Periodic Arc Routing Frameworks

The Periodic Arc Routing (PAR) extends the PVRP to scenarios where service occurs con-
tinuously while traversing the edges of a network. This framework is particularly relevant for
applications where edge-based service inspections over a planning horizon is operationally criti-
cal.

The literature on PAR primarily focuses on two main variants. The rstis the Periodic Capac-
itated Arc Routing Problem (P-CARP), which seeks to optimize periodic edge servicing while
respecting vehicle load constraints [64, 65, 66]. Early approaches by Chu et al. [64, 65] provided
linear programming models, lower bounds, and foundational heuristics for the P-CARP. Build-
ing upon this, Lacomme et al. [66] developed a memetic algorithm that simultaneously opti-
mizes both tactical and operational decisions. Speci cally, their approach utilizes a sophisticated
crossover operator to concurrently assign service days to each required edge while constructing
the daily vehicle routes.

The second major variant is the Periodic Rural Postman Problem (P-RPP), which aims to
minimize routing costs over a horizon without the strict capacity constraints of the P-CARP.
While Ghiani et al. [67] introduced an early heuristic for the standard P-RPP, recent research
has expanded this framework to better capture the complexities of real-world road networks.
Speci cally, Benavent et al. [68] formalized the P-RPP with irregular services (PRPP-IS) on

mixed graphs. Unlike the standard P-RPP, which often assumes strict temporal spacing between
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scheduled visits, the PRPP-IS merely dictates the total number of times an edge must be serviced
over the planning horizon, while modeling the network using a realistic combination of one-
way and two-way streets. To ef ciently solve this highly constrained problem, Benavent et al.
[69] developed a two-phase hybrid algorithm. This approach pairs a multi-start heuristic with a
feasibility pump, a mathematical optimization technique that iteratively guides fractional linear
programming solutions toward high-quality, discrete integer routing schedules.

While these methodologies provide robust solutions for static environments, existing peri-
odic arc routing models predominantly assume deterministic required edges and focus strictly on
single-depot of ine planning. Consequently, they do not account for the dynamic, stochastic evo-
lution of edge requirements, nor do they support the complex multi-trip, multi-depot operations

necessary for eets of rechargeable autonomous vehicles.

2.3.3 Machine Learning for Hazard Prediction

To address the time-varying nature of hazardous conditions like icy roads, machine learning
methodologies have been increasingly utilized to predict road states directly from meteorological
data. Recent studies have demonstrated the viability of these predictive methods, though several
practical limitations remain [70, 71, 72].

Jang [71] demonstrated that tabular machine learning models, including Deep Neural Net-
works, Random Forests, and Support Vector Machines, can successfully detect localized black
ice formation on bridges using local atmospheric variables. However, these models are trained
for speci ¢ monitored sites and often require signi cant recalibration when applied to different

locations or varying roadway types, limiting their spatial generalization.

18



From a broader regional perspective, probabilistic nowcasting systems attempt to cover larger
areas. The ProbSR system evaluated by Baldwin et al. [70] combines Numerical Weather Pre-
diction (NWP) features with Roadway Weather Information System (RWIS) observations to gen-
erate calibrated probabilities of subfreezing road temperatures. Despite their expanded coverage,
these systems experience degraded performance during frozen-precipitation events and rely heav-
ily on sparse ground sensors, creating blind spots in the prediction map.

Addressing the need for spatial correlation, Lira et al. [72] proposed a spatio-temporal Graph
Neural Network (GNN) that improves frost forecasting from multi-source time series data. While
highly effective at graph-based learning, the nodes in their speci ¢ model represent weather fore-
casting centers rather than the actual intersections of a transportation network. This structural
misalignment limits the model's ability to provide direct edge-level inference for routing appli-

cations.

2.3.4 Summary of Research Gaps of RQ3

Taken together, the existing literature indicates a signi cant disconnect between environmen-
tal hazard prediction and autonomous vehicle routing. Current machine learning approaches
face ongoing challenges in spatial generalization and fail to provide reliable, edge-level hazard
predictions tailored to the topology of complex road networks [70, 71, 72]. Conversely, estab-
lished periodic arc routing models operate in isolation from real-time environmental data, relying
on static, deterministic required edges rather than dynamically adapting to time-varying risks
[64, 68].

Table 2.1 summarizes these methodological divides, illustrating the speci c capabilities of
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current approaches compared to the comprehensive framework developed in this research.

Table 2.1: Comparison of the proposed framework with existing literature

Methodological Feature

Periodic Arc Routing

Machine Learning Prediction

This Chapter

Time-varying risk modeling

X[70, 71, 72]

X

Spatio-temporal graph learning

X[72]

Battery-aware routing constraints

X[64, 65, 66]

Multi-depot, multi-trip coordination

Uncertainty-driven condition modeling

X[70]

Single-depot routing capabilities

X[64, 65, 66, 67, 68, 69]

Edge-level hazard prediction

Closed-loop prediction and routing integrati

on

XX | X X| X] X[ X

To achieve reliable and persistent autonomous inspection, there is a critical need to bridge

this methodological gap. This dissertation addresses these limitations by proposing a closed-

loop framework that enables accurate edge-level hazard prediction directly over the road network

and seamlessly couples this predictive intelligence with battery-aware, multi-depot arc routing

decisions.

Building upon the critical research gaps identi ed in this review, the subsequent chapters of

this dissertation propose novel algorithmic frameworks to address each of the outlined research

guestions. Speci cally, the upcoming chapters will sequentially detail the proposed mathemat-

ical and heuristic methodologies for solving the multi-depot, multi-trip routing problem (RQ1,

Chapter 3), the dynamic rescheduling framework for handling stochastic vehicle failures (RQ2,

Chapter 4), and the closed-loop integration of environmental predictions with routing decisions

(RQS3, Chapter 5).
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Chapter 3: Multi-Depot Rural Postman Problem with Rechargeable and

Reusable Vehicles

This chapter addresses the rst research question (RQ1) introduced in Chapter 1, which seeks
to design ef cient routing algorithms to solve the MD-RPP-RRV. Building upon the literature
gaps identi ed in Chapter 2, this chapter develops a formal mathematical model and correspond-
ing solution methodologies to route capacity-constrained, rechargeable vehicles across multiple
depots. The heuristic and the metaheuristic approaches presented in this chapter have appeared
in IDETC conference [73] and IEEE access journal publication [74].

The chapter is organized as follows. Section 3.1 provides a formal introduction to the MD-
RPP-RRV. Section 3.2 outlines the core assumptions and presents a MILP formulation for the
problem. Section 3.3 describes the proposed solution approaches, including the multi-trip heuris-
tic and the metaheuristics developed for the MD-RPP-RRV.Section 3.4 presents the results ob-
tained from testing the proposed metaheuristics on MD-RPP-RRV instances and provides a com-
parative analysis against the optimal solutions generated by the Gurobi optimizer [75]. Finally,

Section 3.5 summarizes the ndings and concludes the chapter.
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3.1 Introduction

As established in Chapter 1, the study of the MD-RPP-RRYV is primarily motivated by the
real-world challenge of planning icy road inspection routes for UAVs operating in hazardous
winter conditions. In this scenario, UAV eet deployed from multiple bases across an Area
of Interest (AOI) must travel to speci c road segments that might be icy. While preliminary
information about these hazardous segments is gathered from historical data and expert forecasts,
the vehicles must visually inspect the roads using onboard sensors to con rm the presence of
ice and warn drivers. However, these UAVs have a limited operational range due to battery
constraints, meaning they must follow the roads and return to a base to recharge before their
power is depleted.

To formalize this problem, the road network in the AOI is represented as a graph, where
the UAV bases serve as a subset of nodes called depots, and the possibly icy roads act as a
subset of edges called required edges that must be traversed. Consequently, the MD-RPP-RRV
encompasses an undirected, weighted, and connected graph featuring rechargeable vehicles with
limited capacity stationed at these multiple depot nodes. The primary objective of this problem
is to minimize the maximize time required by UAVs to successfully traverse all required edges at
least once.

Since these inspection routes are typically generated prior to mission deployment, the relevant
computational requirement is not strict real-time response but the ability to produce high-quality
solutions within a practical pre-mission planning window of one hour. Accordingly, the methods
developed in this chapter are evaluated not only by solution quality but also by whether their

execution times are suitable for operational planning in the target UAV use case.

22



To achieve this objective while respecting hardware limitations vehicles must execute routes
that strictly adhere to capacity constraints. In this context, capacity speci es the maximum time
a vehicle can operate before its battery requires recharging. Unlike traditional routing frame-
works, each vehicle in the MD-RPP-RRYV is capable of performing multiple trips, where a single
trip consists of a sequence of nodes starting and ending at the depots. A trip's duration must
not exceed the vehicle's capacity, and the vehicle must undergo a mandatory recharge period
between consecutive trips. By mathematically formulating these constraints into a MILP model
and proposing new heuristic and metaheuristic algorithms, this chapter aims to provide robust
methodologies to effectively manage the complex interplay between routing, battery depletion,

and recharging schedules.

3.2 Problem Formulation and Assumptions

This section describes the assumptions that underlie our formulation of the MD-RPP-RRV

problem.

3.2.1 Assumptions

For the MD-RPP-RRV problem formulation, we made the following assumptions:
1. All vehicles start from their respective depots with full battery capacity.

2. The vehicles can move around the AOI only by following the network obtained from mod-

elling the AOI to avoid moving over or through areas that are off-limits (such as private

property).
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10.

11.

12.

13.

. The depots at which vehicles start, stop, and recharge are located at the nodes of the net-

work (such as intersections of roads).

Recharging time is identical at all depots, partial recharging is not allowed, and no con-
straints are imposed on depot recharging capacity; that is, any number of vehicles may

recharge simultaneously at a depot.

If an edge is required, at least one vehicle must traverse the edge.

Required and non-required edges are all treated as equally important; no priority structure

among edges is considered.

. All vehicles have the same capacity (operating time when fully charged).

. All vehicles move at the same speed.

. The time to recharge the vehicle battery is the same at all depots. Partial recharging is not

possible.

The graph that represents the AOI is connected.

The time required to traverse an edge depends only upon the length of the edge and the

vehicle speed.

The formulation does not model UAV ight dynamics or route decon iction constraints;
therefore, simultaneous traversal of the same edge by multiple UAVs is not explicitly pre-

vented.

The formulation assumes that the eet size is given a priori.
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14. The formulation does not explicitly account for adverse weather effects on ight execution

or sensing performance, and no physical ight experiments are included.

The following problem formulation incorporates these assumptions.

3.2.2 Problem Formulation

Let G = (N; E; T) be the undirected weighted connected graph that models the road network
in AOI where N is the set of nodes (road intersections), E is the set of edges ((i;j) 2 E) that
connect nodes (i;j 2 N), and T is the set of edge weights (t(i;j) 2 T). An edge represents a
road segment; let I(i; ) be the length of the road segment in meters. All vehicles traverse road
segments at a constant speed S meters per second, and the edge weight t(i; j) represents the time
taken by a vehicle to traverse edge (i; ), calculated as t(i;j)'—ag)—.

Let E, E be the set of required edges that need to be visited. Lgth¢ the set of depots
where vehicles can start, stop, or rechargg. NI. Let C be the maximum time that a vehicle
remains operational after charging; this is nite because a vehicle's battery has nite capacity.
Let K be the number of vehicles. Let{Rbe the time taken to recharge a vehicle. Let F be
the maximum number of trips that a vehicle can make, which is determined using an iterative
solution procedure (Section 3.4.4.1).

To formulate the MD-RPP-RRV problem as a MILP model, three sets of binary decision

variables are introduced:

1. x(k;f;i;j) = 1 if vehicle k traverses edge (i;j) from node i to node j during its f-th trip,

and O otherwise.

2. y(k;f;d) = 1if vehicle k ends its f-th trip at depot node d 2 )\ and 0 otherwise.
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3. z(k;f) = 1if vehicle k uses its f-th trip, and 0 otherwise.

min X
subject to: x(k;1;B(K);j) =z(k;1);k =1;::5; K (3.1
(B(K);j)2E
z(§;f) z(k;f+1) O; k=1;:5Kf=21;00F 1 (3.2)
x(k;f;i;d) =y(k;f;d); k=1;::; K f=1;:5F (3.3)
(i;d)2E;
d2N g X
y(k;f 1;d) x(k;f;d;) k=21, K f =200 F,d2N 0 g (3.4)
(dhj)2E '
z(k; f) yk;f;d)=0; k=1;:;K;f=1;:5F (3.5)
d2N g
X X X
x(k; £ 5 (1) + ( z(k;f) ) R 1 ; k=1:3K (3.6)
f=>1( (i5j)2E f=1
x(k; f; i pt; ) C; k=1;:5Kf=1;:05F 3.7)
(I;%E (k; f;i;)) X (k; f;i;j) k f
X(K; f;; ] x(k; f;1;j) = 0; =LK f=100F
(i5))2E; (i)2E; (3.8)
Xi2N d X i2N ¢
x(k; f;0;)) X(k;f;5;0)=0; k=1;:5K f=1;:F; 1 2 N=fN d9 (3.9)
i2N j2N '
X
x(k; f;0;j) + x(k;f;50) 1 8()2E (3.10)
k=>% f=1 k=1 f=1
x(k;f;i;) z(k;f) M; k=1;:5K;f=1;:F (3.11)
(i;))2E
X
x(k;f;i3)) 2 x(k;fip;q); k=1 Kif=1;:F; 85 N=fN d9; (p;a) 2 E(S)
()2 (S)
(3.12)
x(k;f;1;)) 2[0;1]; k=1;:5K; f=1;:5F;8(i;) 2E (3.13)
yk;f;d)2[0;1]; k=1;:;K;f =1, F,d2N ¢ (3.14)
z(k;f) 2[0;1]; k=1;:: K f=1; 00 F (3.15)
2R T, >>jEj (3.16)

initially located at the start of the mission. The values of B(k) are given. The objective function
represents the maximum total time needed by any vehicle to complete all its trips and recharge

between trips. Let be a constant that is much greater than jEj, the number of edges.
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In the MILP formulation given below, constraint (3.1) ensures that if vehicle k has initiated its
rst trip from depot node B(Kk), it is tracked using z(k; 1). Constraint (3.2) restricts unnecessary
trips by ensuring that trip f + 1 is used only if trip f is used by vehicle k. Constraint (3.3)
keeps track of the depot node d 2;MWhere each trip f of vehicle k has ended using y(k; f; d).
Constraint (3.4) forces vehicle k to start its trip f from the same depot node ¢ # &hded its
previous trip f 1 if necessary. Constraint (3.5) ensures that vehicle k, if it begins trip f, must
end in any of the depot nodes d 24N

Constraint (3.6) enforces an upper bound for maximum trip time for all vehicles considering
recharge time. Note constraint (3.6) only adds recharge time for used trip f > 1 determined
using the z(k; f). Constraint (3.7) ensures that no trip is too long (exceeds C). Constraint (3.8)
ensures that all trips made by each vehicle enter or leave depot nodes the same number of times.
Constraint (3.9) makes sure all trips of each vehicle have a continuous ow. Constraint (3.10)
ensures that all trips made by all vehicles traverse each required edge at least once.

Constraint (3.11) ensures that a vehicle traverses no edges during a trip that is not used.
Constraint (3.12) is a subtour elimination constraint that is based on one used by Chen et al.
[20]. The set S is a set of nodes that are not depots, E(S) is the set of required edges between
nodes in S, and (S) is the set of edges that have only one node in the set S. This constraint
ensures that, if a vehicle traverses a required edge (p; q) 2 E(S), then it also traverses edges that
enter and leave S. Unfortunately, the size of this MILP grows exponentially with the number of
nodes. For constraint (3.12) alone, there af&'2/ subsets S, so the formulation requires a total
of 2N*Nd K F copies of this constraint.

The following section describes the multi-trip algorithm heuristic to generated faster feasible
solutions to the MD-RPP-RRV and metaheuristics which its improves solution quality.
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3.3 Solution Approaches

This section describes the multi-trip route structure used by the algorithm to traverse required
edges, illustrated through an example. It then presents the pseudocode for the heuristic and

metaheuristic procedures to solve MD-RPP-RRV.

3.3.1 MD-RPP-RRV Solution Routes

This section illustrates the structure of a feasible solution to the MD-RPP-RRV with the help
of an example. A feasible solution speci es a route for each vehicle. A route includes one or
more trips; each trip begins and ends at the same or different depot. The length of a trip is limited
by the capacity constraint. Although its mission is to cover required edges, a vehicle might need
to make a trip that includes no required edges in order to get closer to one or more required edges.

Consider an instance of the problem consisting of an undirected graph G with 8 nodes, 12
edges, 2 depot nodes, and 1 required edge, shown in Figure 3.1(a). There is only one vehicle
(V1); it has a capacity of 7 time units, it begins at depot node 1, and its recharging time equals 1.1
time units.

Due to the capacity constraint, the vehicle cannot directly traverse the required edge (2;4) in
one trip. The best possible trip to cover this edge is f1-2-4-69g, but this requires 7.5 time units,
which exceeds the vehicle capacity of 7 time units, so it is infeasible.

In a feasible multi-trip route, the vehicle travels from its current depot to another depot (node
6) to move closer to the required edge (Figure 3.1(b)), recharges at that depot, and then completes
a trip that includes the required edge (Figure 3.1(c)).

The rst trip f1-2-6g takes 3.8 time units for the vehicle to complete. Then, the vehicle
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Figure 3.1: (a) A sample instance of MD-RPP-RRY, (b) Vehiclg®tting closer to the required
edge. (c) Vehicle Vtraversing the required edge.

recharges at node 6, which takes 1.1 time units. Finally, the vehicle takes the second trip f6-2-4-
69, which takes 6.7 time units to complete. Both trips are feasible because each one's duration is
less than the capacity of 7 time units. The vehicle requires 11.6 time units to complete the route

and traverse the required edge, which is the sum of both trip times and the recharge time.

3.3.2 MD-RPP-RRV Heuristic

This section describes a heuristic called multi-trip algorithm to solve MD-RPP-RRV with
the help of a pseudocode. Table 3.1 provides the homenclature used in the pseudocode of the

proposed algorithm.

3.3.2.1 Multi-trip Algorithm

The multi-trip algorithm considers the locationg{nutilization (u), and availability (k) of
the vehicles to determine feasible trips that traverse the required edges. The algorithm iterates
until all of the required edges have been traversed (line 3). In each iteration, the algorithm
determines which vehicle is available next (line 4) and the closest required edge that the vehicle
can reach in a single trip. The algorithm then determines a path to traverse that edge using the

closestfeasibleedge() subroutine, which uses Dijkstra's algorithm [76] and updates the location
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Table 3.1: Nomenclature

Hrips

Symbol Interpretation
Ax, k=1;:::;K | Mapping of vehicle k to required edges traversed
C Maximum allowable trip time (vehicle capacity)
d Index of depot node 2 Iy selected for multi-trip traversal
E, Set of required edges
e Index of required edge 2 Etraversed in Q
G =(N;E;T) |Connected graph consisting of nodes, edges, and edge weights
K Number of vehicles
k,» kK=1;:::;K | Set of required edges allocated to vehicle k
M; Maximum number of iterations
Ng Set of depots
Ng Number of generations in the Genetic Algorithm
ne, kK =1;:::;K | Location of vehicle k at timeyt
Py, k=1;:::;K | Route of vehicle k
Ps Population size in the Genetic Algorithm
Pe Crossover probability
Pe Probability of accepting a better offspring
Pm Mutation probability
Pr Reproduction probability
Q Sequence of nodes starting at a depot and traversing a required e
Rt Time required to recharge a vehicle at a depot
ty, Kk =1;:::;K | Time at which vehicle k is available
T Time required to complete Q
Te Time required to traverse required edges from a depot
Ug, k =1;:::; K | Utilization of vehicle k since last recharge
Vy Time required to traverse required edges from depot d using multi
Vi, k=1;:::;K | Time vehicle k arrived at its last depot

required edges traversed during vehicle k's routes (lines 6-16).

30

(nk), utilization (u), availability (t) of the vehicle, the required edges,(Eand keeps track of

If a multi-trip route is necessary (lines 17-26), the algorithm rst determines the required edge
(e ) that is closest to the vehicle location and moves the vehicle to a depot that is closesitoge
the closestfeasibledepot() subroutine. The algorithm handles single-trip and multi-trip scenarios
differently: in a single-trip scenario, the rst available vehicle is allocated to a required edge; but
in a multi-trip scenario, the rst available vehicle is feasibly moved to a depot node from which
the closest required edge can be traversed feasibly using a single trip in the next iteration.

The algorithm makes a vehicle infeasible to move (line 28) if it cannot traverse a required edge



Algorithm 1 Multi-trip algorithm pseudocode

1

Ecw copy(E u)

2: while E, is not empty do

3:

© o N TR

10:
11:
12:
13:
14:
15:
16:
17:

18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34
35:
36:
37:
38:
39:
40:
41:

k argmin t
215K
Q ;T ;e ;T closestfeasibleedge(G; E; Ng; ux ; ng ; C)
ife >0then
Add Q to Py
Add T to u
Add T to tx
ng endofQ
if ng 2 N4 then
Ve t ok
t Vv k+*Rt
Uk 0
end if
Add e to Ay, remove e from E,
else
e argmin T,
e2Ey
d;Vy closestfeasibledepot(G;TE; Ng; ng; ux; C;e)
if V4 < 1then
Q. shortestpath(G; ny;d )
Add Q, to Py
W t ok +time(Qy)
Yy «tRy
Nk d
u O
else
te 1
end if
end if
end while
fork =1to K do
if ng, 2 Ng then
Q. bestdepot(G; ng; Ng)
Add Q, to Py
Y t ok +time(Qy)
ne endofQ ;
end if
end for
P« ; Yk ; Ak removeunncessarylasttrips(R; vk ; Ax ; Ecu)

return yy; Pk
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Figure 3.2: Sample instancey(r= Vehicle Location, = Vehicle utilization, t, = Vehicle
availability, C = Vehicle capacity, R = Recharge Time, E = Required Edges)

or move to another depot (due to the capacity constraint). After all of the required edgearna E
traversed, the algorithm completes the partial vehicle paths that do not end at depot nodes (lines
32-39). Because of the heuristic nature of the algorithm, some vehicles take unnecessary trips
towards the end to traverse all the required edges as quickly as possible. These trips are removed
using the subroutine removeunnecessarylasttrips() in line 40. Finally, the algorithm returns for
each vehicle k both R the vehicle's path, andythe time at which the vehicle arrives at the last
depot in R. The following subsection demonstrates the working of the multi-trip algorithm with

the help of an example.

3.3.2.2 Demonstration Example

Consider an instance with an undirected graph that has 9 nodes and 13 edges. As shown in
Figure 3.2, this instance has one required edge (8;9), three depots (nodes 1, 5, and 6), and two
vehicles, which begin at nodes 1 and 6. The vehicle capacity is 6 time units, and the recharge
time equals 9 time units. In Figure 3.2, the vehicle locatiog),(wehicle utilization (y) and
vehicle availability () have two elements (fveh veh.).

Because neither vehicle can traverse the required edge in a single trip, the algorithm moves

vehicle 1 from node 1 to node 5, which is closer to the required edge. Figure 3.3 shows the

32



updated state after this move.

Because Vehicle 1 needs to recharge after reaching depot node 5, Vehicle 2 is the rst available
vehicle in the next iteration. The algorithm moves Vehicle 2 from node 6 to node 5 in a single
trip. Figure 3.4 shows the updated state after this move.

In the next iteration, Vehicle 1 is the rst available, and the algorithm extends its path to
traverse the required edge in a trip that begins and ends at the depot at node 5. After completing
all vehicle trips, the algorithm removes the vehicle 2 trip as it is unnecessary for the mission and
results in unwanted energy consumption. The algorithm updates the rqutasdPlast arrival
times y of vehicles. Figure 3.5 shows this trip and the state after this trip. The maximum trip
time equals maxf18:8; 0g = 18.8 time units.

This example highlights that a vehicle may need to perform multiple trips to traverse all
required edges. Since the multi-trip algorithm is a greedy heuristic, it quickly provides a feasible
solution to the MD-RPP-RRYV, but not necessarily one of high quality. To improve solution quality
by decreasing mision time, the following section presents metaheuristics that uses the multi-trip

solution as its initial starting point and iteratively converges to a better solution.

Figure 3.3: Vehicle 1 Updated Locationg(r Vehicle Location, i = Vehicle utilization, t =
Vehicle availability, C = Vehicle capacity, R = Recharge Time, E = Required Edges, =
Vehicle Path, y = Vehicle last depot arrival)
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Figure 3.4: Vehicle 2 Updated Locationg(r Vehicle Location, 4 = Vehicle utilization, t =
Vehicle availability, C = Vehicle capacity, R = Recharge Time, E = Required Edges, =
Vehicle Path, y = Vehicle last depot arrival)

3.3.2.3 Analysis of Computational Effort

This section analyzes the theoretical computational complexity of the multi-trip (MT) heuris-
tic to better understand its ef ciency and scalability. Since the MT heuristic provides the primary
feasible solution approach for the MD-RPP-RRYV, understanding its computational behavior is
important for assessing its suitability for large-scale instances.

The upper bound (O) provides a worst-case estimate of the algorithm'’s runtime as a function
of input instance size which are the number of nodes (jNj) and edges (JE)) of the graph (G). This
information is essential in determining the algorithm's scalability and identifying scenarios where
the algorithm might fail to meet the desired performance requirements. On the other hand, the

lower bound () provides a theoretical guarantee on the minimum number of operations required

Figure 3.5: Required Edge Traversal (& Vehicle Location, 4 = Vehicle utilization, t, =
Vehicle availability, C = Vehicle capacity, R = Recharge Time, E = Required Edges, f=
Vehicle Path, y = Vehicle last depot arrival)
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to solve the problem by analyzing the best-case inputs. This information is useful in assessing

the algorithm's inherent complexity and identifying opportunities for optimization.

Claim 1 The theoretical upper bound for MT algorithm is O(fi#}lj %), where jNj and JEj

are the number of nodes and edges of the MD-RPP-RRV instance.

Claim 2 The theoretical lower bound for MT algorithm is (K), where K is the number of

vehicles.

The proofs of Claims 1 and 2 are provided in Appendix A.

3.3.3 MD-RPP-RRV metaheuristics

This section presents the metaheuristics developed to solve the MD-RPP-RRV. It rst intro-
duces the Route Design Allocation (RDA) algorithm, a constructive heuristic that generates fea-
sible vehicle routes from a given allocation of required edges. It then introduces the metaheuris-
tics, namely simulated annealing (SA), tabu search (TS), and genetic algorithm (GA), which

iteratively improve the allocation while using RDA to evaluate the resulting routes.

3.3.3.1 Route Design Allocation (RDA) Algorithm

As de ned earlier, the MD-RPP-RRYV requires a subset of required edgéesthe undirected
weighted connected graph G to be traversed at least once by the K rechargeable vehicles with

limited capacity C from their respective depot nodeg NN by minimizing maximum trip
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Algorithm 2 Required edges traversal based on allocation

1: procedure RDA(G; ; ;N 4;C;Ry)
2: forkin1toK do

3: Ec [P« [ A« []

4: while | is not empty do

5: To, « Et trip(G;  «; «;Na;Ei; C)
6: if time(T,) 6= 0 then

7: To; «;Et closedepot(G; «; «;Ng;Et;C)
8: end if

o: if E¢ is not empty then
10: Add T, to Py

11: k endoflasttripinT p

12: Add E; to A,

13: Et []

14: end if

15: end while

16: Add R to P

17: Add A, to A

18: end for
19: return P; A
20: end procedure

time. A feasible solution for the MD-RPP-RRV will have a set of routes P for K vehicles such
that each vehicle route,Hor vehicle k will traverse a sequence (follows order) of the required
edges ¢« E ,suchthat[l, ; =E,. Let =f ;5 kg represent the set of allocations
of required edges for all vehicles. Hence, the problem of designing routes to solve the MD-
RPP-RRV can be converted into an allocation problem of allocatingeBuired edges among K
vehicles such that routes resulting from the allocation minimize the maximum trip time the most.
However, determining maximum trip time requires knowing the routes of K vehicles. The
allocation route design algorithm (Algorithm 2) takes in the allocated sequence of required edges
k Of each vehicle k as input and plans the routes of each vehicle k to traverse all the edges
in ¢ in order with one exception. The exception is if while trying to traverse a required edge

e, 2 , whichis atindex 1 in , the vehicle during its trip also traverses the required edge
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e 2 , which is at index 3, the allocation algorithm will remove both the edges frono
avoid redundant traversal of required edges in subsequent iterations and also keeps track of actual
sequence Ain which the required edges were traversed. fpwhich shows the actual sequence
of traversal of required edges by vehicle k in routgstRe edges will be ordered,fes; :::]. The
edge g will appear after e
This allocation route design algorithm loops over each vehicle k with its respective allocation

k (Lines 2-4) and tries to design trips to traverse the sequence of required edges iarder
using the trip subroutine (Line 5). The subroutine returns the routes for vehicle k consisting of
trips Ty, each satisfying vehicle capacity C, the updated allocatioafter removing the required
edges traversed during the trips, and nally, the order in which the required edges were traversed
E:. T, and E are used to update the routes of the vehigletRe vehicle's current positiony,
and the actual allocation,Af the trip T, traversed any required edges in the sequenogines
9-14). If vehicle k is not able to traverse a required edgeynthe closedepot() subroutine (Line
7) moves the vehicle to a depot closer to traverse required edge ifihe trip T, used to move
the vehicle k to a closer depot is also checked for required edge traversalliine 9), as it is
possible that vehicle k may traverse a future required edge in the sequenthe pseudocode
focuses on how, after allocating the required edges to the vehicles, the RDA algorithm will plan
routes of vehicle k. The following section describes the simulated annealing metaheuristic, which

uses the RDA and MT algorithm to design routes for the MD-RPP-RRV.
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3.3.3.2 Simulated Annealing (SA) Algorithm

The SA algorithm [77] takes a set of allocations () mapping vehicles to required edges and
their associated routes (P) as input. The algorithm (Algorithm 3) seeks a better solution by
reallocating the required edges among the vehicles.

A temperature parameter (T) is set (Line 5) to control the probability of accepting worse so-
lutions during the optimization process. The algorithm then enters the main loop (Line 6), where
it iteratively explores different allocations (Line 9) of required edges and associated routes of
vehicles (Line 10) using the triptimes() subroutine and the RDA algorithm (Algorithm 2) respec-
tively till the temperature parameter is greater than the minimum temperatyrg (dine 7).

The initial allocation is either randomly generated or can be obtained using the MT algorithm
by examining the routes.

The new allocation method (Algorithm 4) operates on an allocation representing required
edges assigned to a set of vehicles, a set containing trip times of all vehicle Y; % [¥:; Yk ],
and the total number of vehicles K. This procedure has two main operations (INSERT and
SWAP), and it chooses one randomly; each has a probability of 0.5.

The INSERT operation (Lines 2-6 in Algorithm 4) identi es the vehicle with the maximum
trip time and removes its last assigned required edge. Then, it randomly selects another vehicle
and inserts the removed edge into its allocation.

The SWAP operation (Lines 7-12 in Algorithm 4) randomly selects two different vehicles, k
and k, and swaps a randomly chosen required edge fromith an edge in k. The procedure
returns the updated allocation . This algorithm dynamically reallocates required edges among

vehicles, which might improve the solution.
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Algorithm 3 SA Algorithm
1: procedure SA(G; ;P;Ng; C;Rt; Tmax Tmin; Cr; ;M )

2: best

3 Poest P

4: Yoest triptimes(P pesi C; Rt)

5: T T max

6: foriter in 1 to M; do

7: if T >T min then

8: Y triptimes(P;C;R 1)

9: new Newallocation(;Y;K)
10: Prews new RDA(G; ; ns Ng; C;Ry)
11: Yhew triptimes(P new; C; RT)
12: f max(Y new) max(Y)

13: if f<O0then

14: new

15: P P rew

16: Y VY hew

17: if max(Y ) < max(Pyes) then
18: Poest P

19: Yoest Y

20: best

21: end if

22: else

23: if &) > random(0, 1) then
24: new

25: P P ew

26: end if

27: end if

28: end if

29: T T C ,

30: end for

31: return Ppesi  pest

32: end procedure

The SA algorithm (Algorithm 3) then updates the routes of vehicles that have new allocations
(Line 10). Algorithm 2 is used to design the new routeg (J? taking in the new allocation (,),
and also updating the allocation based on the routes produced. If the new allocation produces
routes with better maximum trip time (Line 11- 13), the new routes and allocation are updated

with the current values (Lines 14-16), and the best routes and allocation area are also stored
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Algorithm 4 New Allocation Procedure

1: procedure NEWALLOCATION( ;Y; K)
2: if random(0, 1) > 0:5 then Il INSERT

3: Kmax arg max Y
k
4: Remove last required edgggfrom [K max
5: Randomly selectifer 2 f1; 2; 111 Kg N K max
6: Insert g« at the end of [kinserd
7 else Il SWAP
8: Randomly selectk2 f1;2;:::;Kg
o: Randomly selectk2 f1;2;:::; Kgnk
10: Randomly select edge #om [k 4]
11: Randomly select edgeg &#om [k ;]
12: Swap ¢ and ¢ between [k;] and [K ;]
13: end if
14: return Updated allocation

15: end procedure

(Lines 18-20). However, if the new allocation results in a worse objective function, the algorithm
will accept it with a probability that is determined by the Boltzmann criterion [77] (Lines 23-25).
This probabilistic acceptance allows the algorithm to escape local optima and explore more of
the search space.

As the algorithm proceeds, the temperature parameter decreases geometrically by the cooling
rate (G) (Line 29), which reduces the probability of accepting worse solutions. This cooling
schedule ensures that the algorithm eventually converges to a locally-optimal allocation. The
SA algorithm nally returns the best allocation,es; and its associated vehicle routegedpit
converged to after the iterative process.

The following section describes the tabu search metaheuristic to solve the MD-RPP-RRV.
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3.3.3.3 Tabu Search (TS) Algorithm

TS is a powerful metaheuristic algorithm widely employed for solving combinatorial opti-
mization problems. It operates by iteratively exploring the solution space while maintaining a
short-term memory, known as the "tabu list,” to guide the search process and prevent revisiting
previously explored solutions. This memory mechanism facilitates effective solution exploration
and diversi cation, helping the algorithm avoid getting trapped in local optima.

The TS algorithm developed to solve the MD-RPP-RRV (Algorithm 5) takes in an allocation
() as input and determines its corresponding routes P using algorithm 2 (Line 2). It then ini-
tializes variables to store the best routes and corresponding best allocation found gQ fand®

best, @Nd adds the initial allocation to the empty tabu listLines 3-6). It then computes the
initial objective value y, which is the maximum trip time for the initial routes P (Line 8).

In the subsequent loop (Lines 9-21), the algorithm iterates through a xed number of iterations
Mi, generating new allocations of vehicles to required edges and updating solutions accordingly.
Within each iteration, a new allocation,e, is computed (Line 10), followed by determining the
corresponding routes,Rusing the RDA algorithm (Line 11).

The algorithm evaluates the feasibility of the new allocation and computes its objective value
(Yn) (Lines 15). If the new solution improves upon the current best solution, the algorithm up-
dates the best solution, best allocation, and the best objective value (Lines 16-19). Finally, the
algorithm returns the best set of routegdPand the corresponding allocationges; (Line 20).
Through its systematic exploration and re nement process, TS ef ciently navigates the solution
space, aiming to minimize the objective function while adhering to problem constraints. The use

of a tabu list prevents revisiting previously explored solutions, enhancing the algorithm's effec-
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Algorithm 5 Tabu Search Algorithm

1: procedure TABUSEARCH(G; ;Ey;Ng;C; ;R 1;M;j)
22 P; RDAGG;;;N  ¢C/Ry)

3: Poest P

4: best

5: t[]

6: Add tot,

7 Y triptimes(P;C;R 1)

8: Vo max(Y)

o: forit 1toM ;do

10: new Newallocation(;Y;K)
11 Prews  new RDA(G; ; neW;Nd;C;RT)
12: if Lew 2t then

13: Add entot

14: Yew triptimes(P new; C; RT)
15: Yo Max(Y new)

16: if y, <ypthen

17 Yo ¥V on

18: Poest P new

19: best new

20: end if

21: end if

22: new

23: Y Y new

24: end for

25: return Ppesi  pest

26: end procedure

tiveness in nding optimal or near-optimal solutions within a reasonable computational time.
The following section describes the genetic algorithm metaheuristic developed to solve the

MD-RPP-RRV.

3.3.3.4 Genetic Algorithm (GA)

This section describes the GA with the help of a pseudocode (Algorithm 6). It starts with an
initial random allocation () of vehicles to required edges and tries to converge to an allocation

( pesp With better maximum trip time by iteratively improving the allocation with each generation
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Algorithm 6 Genetic Algorithm
1. procedure GA(G;Ng; Ey;K; ;R 1;C;Ng;Ps;pc; Pm; Pr; Pe)
2 Initial random allocation
3 P; RDA(G;;;N 4 C;Ry)
4: Pbest P; l?est'
S} Yoest Max(triptimes(P pesi C; R1))
6.
7
8
9

p [1 p [l p [l
g 0,i 0
whilei <P do
new hewallocation(;Y;K)

10: if new2 pthen

11: F)new; new RDA(G; ; news Nd; C; RT)
12: Add new {0 p

13: Add Prewto p

14: Add max(triptimes(Rew; C;R7)) t0
15: new

16: i i+1

17: end if

18: end while
19: while g < Ng do

20: P P pr P

21: if random(0, 1) p, then

22: ;;  reproduction(; ;)
23: end if

24: if random(0, 1) pc then

25: ;; crossover(; ;)

26: end if

27: if random(0, 1) pn, then

28: ;; mutation(; ;)

29: end if

30: fori 1toP sdo

31: if min( ;) <min( ;) then
32: if random(0, 1) pe then
33: pi ir pi i opi i
34: end if

35: end if

36: end for

37: j argmin( )

38: if p <Ypestthen

39: Yoest pj » best pj » Poest pj
40: end if

41: g g+l

42: end while

43: return Ppesi  best

44: end procedure

using reproduction, crossover, and mutation operations. GA starts by creating a population (Lines
8 - 17), which is a set containingsPumber of uniquely random allocationg along with their

associated routes{) and maximum trip times () using RDA algorithm (Algorithm 2).
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At the beginning of each generation, the GA makes a copy of the current population (Line 20)
to decide if a particular member of the population needs to be replaced by new candidates at the
end of the generation after undergoing reproduction, crossover, and mutation operations. In each
generation, reproduction, crossover, and mutation operations are done probabilistically based on
reproduction (p), crossover (p, and mutation (R) probabilities. After undergoing operations,
the resulting population is evaluated (Lines 30 -36), and if they exhibit enhanced performance
(Line 31), they may replace existing individuals in the population with a certain probahility p
(Lines 32-33). This follows the elitism concept [78] to retain some of the bad solutions along
with the better solutions in the population to preserve diversity and escape local minima.

The reproduction step (Algorithm 7) involves making copies of individuals in the population
with better tness using tournament selection to create a new populatigfl (new; new ) With
better individuals. In tournament selection, tournaments are played by selecting two allocations
( j; «) (Lines 13 -14) from the population based on their tness, where the probability of selec-
tion is proportional to their tness values (Lines 5 -11). The individuals with better tness are
placed in the mating pool () (Lines 15 -22). As the selection of individuals is based on tness,

a tter individual gets selected to participate in more tournaments, resulting in a mating pool with
copies of individuals with better tness and eliminating weaker individuals. The resulting mating
pool is the updated population (Line 25) returned as a result of the reproduction step.

The crossover step (Algorithm 8) involves iterative selection of two allocatiqnsi() (Lines
5-6) from the population and combining them to produce a better allocatjgg) ( This is done
by computing the trip times (YY; ) (Lines 7-8) for both allocations and comparing the trip times
of each vehicle k 2 f1;:::; Kg. The trip time k] is the total time taken by a vehicle k takes to
traverse all of its allocated required edges using single or multiple trips. The allocation with a bet-
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Algorithm 7 Reproduction Step

1: procedure REPRODUCTION(; ; ;C;R 1)

2:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:

© N R®

new []1 new []1 new []

w ]

P[]

fori 1toP <do
fi max(triptimes( ;C;Ry))
Add £ to W

end for

fori 1toP sdo
AddP% to P

end for

fori 1toP sdo
j Randomly select index from based on W
k Randomly select index from based on W nW
if W; > W then

Add ] tO new
Add J tO new
Add V\% tO new
else
Add k tO new
Add k tO new
Addwik t0 new
end if
end for

return  new; news new

26: end procedure

ter trip time out of ; and ; for vehicle k is added to a new allocation,). Of course, the new
allocation ( nen) may contain the same required edges allocated to multiple vehicles and, in the
worst case, missing unallocated required edges. This is recti ed using the feasibleallocation()
subroutine (Line 16), which makes sure that the new allocation covers all the required edges. The

crossover step is performed on the entire population, so in the end, a new population with better

allocations is obtained.

each allocation in the population using INSERT and SWAP techniques to get a better allocation.

The mutation step (Algorithm 9) makes use of the newallocation() (Algorithm 4) to alter
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Algorithm 8 Crossover Step

1: procedure CROSSOVER(G; ; Ny;C;Rt; ; ; ;1K)
2 new [, new [, new [ ]

3 fori 1toP <do

4 new f0

5: Select ; from

6: Randomly select; from n

7: Y; triptimes( i;C;Ry)

8 Y, triptimes( ;C;Ry)

9: fork 1ltoK do

10: if Yi[k] < Y;[K] then

11: newlK] i [K]

12: else

13: ekl j[K]

14: end if

15: end for

16: new feasiblealloction( new)

17: Prew; new RDA(G; ; news Na; C; Rr)
18: Add ewltO new

19: Add Pewt0  new

20: Add max(triptimes(Rew; C; R7)) tO0  new
21: end for

22: return  new; news new

23: end procedure

After performing the reproduction, crossover, and mutation fgrgneration, the best routes

Ppestalongside its associated allocatioges;is returned. The GA explores a wider search space

Algorithm 9 Mutation Step

1: procedure MUTATION(G; ;N ¢;C;Rt; ; ; ; K)
2: new []a new []a new []

3 fori 1toK do

4 Y triptimes( i;C;Ry)

5: new NEWALLOCATION( ;VY;K)

6: Prews new RDA(G; ; news Ng; C; R7)
7.

8

9

Add newto new
Add I:)nr-zwto new
: Add max(triptimes(Rew; C; RT)) 10 new
10: end for
11 return  new; news new
12: end procedure
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through reproduction, crossover, and mutation operations in each generation, maintaining diver-
sity. This approach may yield superior solutions compared to TS and SA, though it requires more
computational effort. The following section discusses the results obtained from proposed meta-
heuristics on benchmark and real-world instances and compares those solutions with the optimal

solutions obtained by solving the MILP.

3.4 Instances, Results and Discussions

This section provides details about the instances that we used in our experiments and describes
some important steps followed to obtain optimal results using the Gurobi optimizer version 10.
Finally, the section discusses the results from the proposed metaheuristics, along with an analysis
of the improvement in solution quality produced by each metaheuristic compared to the MT
algorithm heuristic and the decrease in solution gap with respect to the optimum obtained by

solving the MILP. The instances can be accessed from this GitHub repository link.

3.4.1 SetA Instances

We created the Set A instances by converting 23 CARP instances with undirected graphs [79]
to multi-depot capacitated RPP instances using the instance generation process. The size of the
Set A instances ranges from 7 to 27 nodes and from 11 to 55 edges. In these instances, C was set
to equal twice the maximum edge weight of the instance. This was done so that a vehicle should

be able to traverse the longest edge if it were chosen as one of the required edge.
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3.4.2 SetB Instances

Set B has eight instances created from real-world roadmaps of different regions with cold
weather. We converted the roadmaps to undirected graphs and then to testing instances using the
instance generation process. The size of the Set B instances ranges from 75 to 461 nodes and
from 130 to 879 edges. In these instances, C was set to 31 minutes, the listed capacity of the DJI

Mavic Pro 2 UAV [80].

3.4.3 Set C Instances

Set C has eight instances created from the Set B instances by adding the effect of wind on
the edge travel times, which requires relaxing assumption 8 (Section 3.2.1). Consequently, the
size of the Set C instances ranges from 75 to 461 nodes and from 260 to 1758 directed edges. In
these instances, each edge had two weights (travel times): one for one direction and a second for
the opposite direction. We determined the different weights by considering the impact of wind
on a vehicle's travel time. In one direction, the wind may increase the vehicle's speed (relative
to the ground), which reduces the travel time; in the other direction, the wind may decrease the
speed and increase the travel time. Sathyamurthy [81] described the details of these calculations.
For set C instances, as only the graph type is changed from undirected to directed, we decided to
keep the number of vehicles (K), number of required edges,(&d the number of depot nodes
(Ng), the same as set B instances. For required edggs @Bly one direction of the edge, i.e.,

either (i;]) or (j; 1), is randomly chosen to be the required edge as edg
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3.4.4 Optimal Solutions using Gurobi

This section describes the procedure used to determine the number of trips (F) needed by
Gurobi to produce optimal solutions and also modi cations done to the instances provided as

input to the Gurobi optimizer.

3.4.4.1 Determining Number of Trips (F)

From the MILP formulation (Section 3.2.2), in order to de ne the decision variables program-
matically in Gurobi, xed values for the number of vehicles (K) and the number of trips (F) are
needed. However, F cannot be known beforehand as each vehicle might take a different number
of trips to traverse the required edges. Hence, F needs to be an upper bound of the number of
trips of K vehicles. In order to nd the upper bound, a simple iterative procedure is followed.

Initially, we set F = 1 and use Gurobi to nd an optimal solution to the instance. If a feasible
solution exists, then the instance is solved.

If Gurobi reports that there are no feasible solutions, we increase F by 1 and attempt to solve
it again. This continues until Gurobi nds a feasible, optimal solution.

The number of variables and the Random Access Memory (RAM) required to solve the prob-
lem increase as F increases. By starting with F = 1 and increasing it only as needed, this

approach avoids solving any unnecessarily large instances, which is more ef cient.

3.4.4.2 Modi ed Gurobi Optimizer Input

Because of the subtour elimination constraint (Constraint 12), if a vehicle traverses a required

edge in the subset S, then it also traverses edges that enter and leave S. This is true for all possible
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Figure 3.6: (a) A MD-RPP-RRV instance where required edges with one or both of its nodes as
depot nodes, (b) Modi ed MD-RPP-RRV instance with dummy nodes and edges.

subsets formed by the node set N=N\ problem occurs if a required edge has one or both of
its nodes as depot nodes (Figure 3.6a). In this scenario, there are no subsets possible as subsets
do not include depot nodes {IN To avoid this scenario, we added dummy nodes and edges with
zero edge weights to modify any instance with such a required edge.

For example, in Figure 3.6b, the required edge (1; 3) has node 1 as the depot node, and hence,
a dummy node 9 and dummy edge (1;9) is inserted with an edge weight of 0, and the dummy
node 9 is made the depot node instead of node 1. Note that the insertion of dummy nodes and
edges has no effect on the quality of routes produced. A similar example is shown in Figure 3.6b
with the required edge (6; 7) where both of its nodes are depot nodes. Hence, two dummy nodes
and edges are inserted and made depot nodes. The idea here is to isolate depot nodes from the
instance so that it does violate any constraints of MILP formulation (Section 3.2) thus restricting

the search space of the Gurobi optimizer.

3.4.5 Results

This section presents the results from our tests of the proposed metaheuristics and solving the

MILP using Gurobi version 10.03 on the instances in Sets A, B, and C. These tests were run on
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Table 3.2: Parmeter Setting

Parameter Value Description
T 100 Maximum temperature used
max in Simulated Annealing
T 0 Minimum temperature used
min in Simulated Annealing
C 0.99 | Temperature cooling rate
M; 500 | Number of iterations
Ng 50 | Number of generation in GA
P o5 Population size in each
s generation in GA
o 01 Reproduction probability
' : in each generation of GA
b 07 Mutation probability in
m " | each generation of GA
b 09 Crossover probability
¢ ) in each generation of GA
o 08 Probability of accepting a better
© ’ offspring in each generation of GA

an AMD EPYC 7763 64-core Processor with 128 physical cores, 128 logical processors, and 8

CPU cores. Up to 32 threads were used, and 8 GB of memory was allocated to each CPU core.

3.4.5.1 Parameter Settings

The parameters used in the proposed metaheuristics were con gured empirically from nu-
merous tests performed with the benchmark and real-world instances. Table 3.2 presents the
parameters used to test the metaheuristics on benchmark and real-world instances and their re-

spective values.

3.4.5.2 Benchmark Instances Results

Table 3.3 describes the set A instances, and tables 3.4 and 3.5 provide the results obtained by
testing these instances on the proposed metaheuristics. Table 3.4 shows the results obtained by
metaheuristics SA and TS for 500 iterations, starting with the initial solution produced by the MT

algorithm. Table 3.5 shows the results obtained by metaheuristics SA and TS for 500 iterations
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Table 3.3: Set A Instances Information

Instance

Name N | E | E,;| C | K |Ng
Al 8/11| 3| 18
A2 11119, 5| 40
A3 7121 8| 16
A4 7121 8| 12
A5 12122 7| 40
A.6 11| 22| 8| 18
A7 121 22| 8| 40
A.8 12122 7| 44
A9 121 22| 8| 40
A.10 13123 7| 60
All 12| 25| 9| 38
Al2 121 26| 9| 40
A.13 13126 7| 44

Al4 |10|28| 9| 198
A.15 8|28| 10| 16
A.16 8|28| 10| 14
Al7 |11]33| 11| 18
A.18 9|36| 13| 16
Al19 |11 44| 14| 18
A20 |22]45| 16| 38
A21 |27|46| 13| 18
A22 |27]51| 16| 18
A23 |11|55| 18| 16

©Coooooo~NocO O, wbhbhbhb,owpbpowbhbhbhbowbdbrANE
WO OUTWNWNNWWWWWWWWWWNNWN

and GA.

The optimal objective function value, which is the optimal maximum trip timeg)Vbb-
tained from solving MILP using Gurobi for 19/23 set A instances, is also provided. For set A
instances A.20 - A.23, the Gurobi optimizer could not produce optimal solutions using the MILP
formulation as it ran out of allocated memory after running for more than 30 hours. For these
instances, the results are represented as * in the table. Each set A instance is run 10 times, and the
average (M), the best (best), and the standard deviation (STDEV) of maximum trip time along
with the average execution time (ET) in seconds are provided in tables 3.4 and 3.5 to capture the
stochastic nature of the metaheuristics.

To measure the quality of the metaheuristics solutions relative to the quality of the optimal

solutions found by solving the MILP using Gurobi, we calculated the relative difference as fol-
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Table 3.4: Benchmark Instances Results of SA and TS using MT heuristic. Instances where the
metaheuristic converged to the optimum are denoted by bold highlighting in both the "Gap” and
"B Gap” columns.

Instance MT MT+SA-500 MT+TS-500
Name | Moy | My M STDEV | best| Gap | BGap | ET M STDEV | best| Gap | BGap | ET
Al 64 64 64 0 64 0.0 0.0 0.0 64 0 64 0.0 0.0 0.0
A2 148 | 244 148 0 148 | 0.0 0.0 3.7 | 230 0 230 | 554 | 554 | 35
A3 15 15 15 0 15 | 0.0 0.0 32| 15 0 15 | 0.0 0.0 3.4
A4 7 32 7.2 0.4 7 2.9 0.0 3.1 8.2 1 7 17.1 0.0 3.0
A5 126 | 140 | 127.4 1.7 126 | 1.1 0.0 3.3 | 130 0 130 | 3.2 3.2 3.2
A.6 16 58 17 0.8 16 6.3 0.0 39| 16.8 1 16 5.0 0.0 3.9
A7 34 138 | 344 0.5 34 1.2 0.0 29 34 0 34 0.0 0.0 2.7
A8 41 163 | 51.2 28.6 41 | 249 0.0 3.3 11004 477 42 | 1449 24 3.8
A9 134 | 149 135 1.3 134 | 0.7 0.0 3.0 | 136 0 136 | 1.5 1.5 2.6
A.10 59 351 | 101.7 65 59 | 724 0.0 3.7 | 86.8 55.6 59 | 47.1 0.0 34
A.ll 120 | 127 | 123.2 2.9 120 | 2.7 0.0 4.1 | 127 0 127 | 5.8 5.8 4.8
A.12 40 149 | 116.8| 25.8 40 | 192.0| 0.0 4.3 | 133.3 2.1 127 | 233.3| 2175 | 4.3
A.13 141 | 166 | 142.1 1.3 141 | 0.8 0.0 4.8 | 148.8 4.4 141 | 55 0.0 4.9
A.14 48 63 48 0 48 0.0 0.0 55 | 53.2 1.6 50 | 10.8 4.2 5.6
A.15 12 16 12.4 0.5 12 3.3 0.0 46 | 12.2 0.6 12 1.7 0.0 4.4
A.16 10 40 10 0 10 0.0 0.0 4.3 10 0 10 0.0 0.0 4.1
A.17 15 51 15 0 15 0.0 0.0 55| 15.2 0.6 15 1.3 0.0 55
A.18 13 16 14.2 0.4 14 9.2 7.7 5.8 | 13.7 0.8 13 54 0.0 5.7
A.19 11 50 12.6 0.5 12 | 145 9.1 6.5 | 13.3 0.9 13 | 20.9 18.2 | 6.4
A.20 * * 331 1.1 31 * * 6.7 34 0 34 * * 7.4
A.21 * * 57.9 13.4 18 * * 10.0| 48.4 15.2 18 * * 9.2
A.22 * * 63.1 1.9 60 * * 10.7| 68 0 68 * * 10.0
A.23 * * 13.7 0.5 13 * * 84 | 15.1 0.7 14 * * 8.1
Average Gap |4, 175| 09 29.4 | 16.2
for 19 instances

lows. Let M be the average maximum trip time of a solution obtained from metaheuristics (SA,
TS or GA). Let My, be the maximum trip time of an optimal solution of the MILP. The metric

Gap is the percentage relative difference between these values:

Gap = %"pt 100 (3.17)

opt

The B Gap is the best gap obtained by taking the best value of the maximum trip time obtained

by the metaheuristics in 10 runs.

_best M opt

B Gap Moo,
op

100 (3.18)

When relying solely on the MT algorithm, the average optimality gap, which measures the
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Table 3.5: Benchmark Instances Results of SA, TS and GA using randomly generated initial
solutions. Instances where the metaheuristic converged to the optimum are denoted by bold
highlighting in both the "Gap” and "B Gap” columns.

Instance SA-500 TS-500 GA
Name | Moy | Mur | STDEV | best| Gap | BGap | ET M STDEV | best| Gap | BGap | ET M STDEV | best| Gap | BGap | ET
Al 64 68 0 68 | 6.3 63 | 0.0 | 68 0 68 | 6.3 63 | 00| 64 0 64 | 0.0 0.0 9.1
A2 148 | 148 0 148 | 0.0 00 | 3.6 |2248| 387 | 148|519 | 0.0 | 3.6 | 148 0 148 | 0.0 0.0 16.1
A3 15 | 15.1 0.3 15 | 0.7 00 | 32| 271 18.3 15| 80.7| 00 | 31| 15 0 15 | 0.0 0.0 | 328
A4 7 7 0 7 0.0 00 | 30| 79 0.9 7 | 129 | 00 | 33 7 0 7 0.0 0.0 | 38.6
A5 126 | 128 24 126 | 1.6 0.0 | 3.3 | 149 0 149 | 183 | 183 | 3.8 | 126 0 126 | 0.0 00 | 21.2

A6 16 17 0.8 16 | 6.3 0.0 3.9 | 289 175 16 | 80.6 0.0 3.9 | 16.2 0.4 16 13 0.0 43.0
A7 34 | 615 40.3 34 | 80.9 0.0 2.9 |102.6| 445 35 | 201.8| 2.9 2.7 | 431 26.6 34 | 26.8 0.0 28.3
A8 41 | 51.2 28.6 41 | 249 0.0 3.5 | 1315 29.7 43 | 220.7| 4.9 3.8 | 414 0.8 41 1.0 0.0 21.8
A9 134 | 1354 14 134 1.0 0.0 2.9 | 140.1 3.2 136 | 4.6 15 2.9 | 1346 0.9 134| 0.4 0.0 28.7

All 120 | 121 0.8 120 | 0.8 0.0 4.1 | 124.4 5.6 120 | 3.7 0.0 3.9 |121.4 2 120 1.2 0.0 47.2
A.12 40 128 2.7 124 | 220.0| 210.0 | 4.3 | 138.3 6.7 124 | 245.8| 210.0 | 45 | 116.2| 25.5 40 | 190.5| 0.0 45.6

A.l4 48 | 48.1 0.3 48 | 0.2 0.0 5.4 | 53.9 5.5 48 | 12.3 0.0 57| 48 0 48 | 0.0 0.0 89.9

A.15 12 | 125 0.5 12 | 4.2 0.0 | 46| 16 0 16 | 33.3 | 333 | 45| 123 0.5 12 | 25 0.0 75.6
A.16 10 10 0 10 | 0.0 0.0 | 43| 105 0.7 10 | 5.0 0.0 41| 10 0 10 | 0.0 0.0 86.1
A.17 15 15 0 15 | 0.0 00 | 54| 16 0 16 | 6.7 6.7 58| 15 0 15 | 0.0 0.0 87.9

A.18 13 14 0.6 13| 7.7 0.0 59| 304 18.3 14 | 1338| 7.7 6.2 | 134 0.5 13 | 31 0.0 | 1175

* 6.6 | 137 0 137 | * * 9.0 | 33 2 29 * *
A2l * 64.3 3.4 58 * * 10.1]103.2| 34.4 64 * * 10.6| 62.7 3.1 56 * * 131.9
A.22 * 61.4 3.3 58 * * 10.7| 92.3 19.1 69 * * 11.4| 60.3 3.7 57 * * 256.2
A.23 * 13.9 0.7 13 * * 8.4 | 435 13.8 16 * * 8.6 | 13.6 0.7 13 * * 341.7

Average Gap
for 19 instances

percentage by which the generated solutions deviate from the known mathematical optimum
across all tested instances, stood at 162% [73]. However, employing metaheuristics made a sig-
ni cant difference. Metaheuristics MT+SA and MT+TS, starting with solutions generated by
the MT algorithm (Table 3.4), led to better outcomes, reducing the average gaps to 17.5% and
29.4%, respectively, with the best average gaps further diminishing to 0.9% and 16.2%, respec-
tively. While metaheuristics SA, TS, and GA exhibited similar patterns when commencing from

a random solution, the average percentage gaps for SA and TS rose to 23.2% and 75%, respec-
tively, compared to using solutions from the MT algorithm as starting points. The same could be
said about the best percentage gap for SA and TS, which are 11.9% and 31.2%, respectively. This
suggests that providing the metaheuristics with a suboptimal heuristic solution (MT algorithm)
instead of a randomly generated one as the starting point can, on average, lead them to converge

to a better solution.
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GA, on the other hand, could achieve a better average and best percentage gap, which are
13.7% and 0% compared to other metaheuristics. In fact, GA was able to converge to the known
optimum for all 19 set A instances. However, this came at the cost of computational time, where
GA took an average of 84.7 seconds to solve each set A instance, and all the other metaheuristics
took an average of under 5 seconds. This represents a 1600% increase in computational effort for
smaller set A instances with the number of edges ranging between 11 and 55. This shows that
GA, however effective in converging to a better solution, the heavy reliance on computational
resources makes it a less favorable option to solve larger instances.

The following sections provide the results of the metaheuristics for set B and set C instances.

3.4.5.3 Real-world Instances Results

Tables 3.6 describe the 16 real-world instances in Sets B and C, and tables 3.7 and 3.8 provide
the results obtained by metaheuristics on those instances. Because these instances have many
more nodes and edges than the benchmark instances, we were unable to obtain optimal solutions
to the MILP using Gurobi due to the large compute and memory requirements.

Since the optimal maximum trip times of the set B and set C instances could not be deter-
mined, the solution quality produced by the metaheuristics was measured by considering the MT
heuristics solution as the baseline. Lef;M be the maximum trip produced by the MT algorithm
heuristic and M and best be the average and best maximum trip produced by the metaheuristics
for set B and set C instances. Then, we de ne percentage improvement (% 1) and best percent-
age (% B I) improvement (in 10 runs) of maximum trip time of the metaheuristics w.r.t to MT

algorithm heuristics as follows:
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Table 3.6: Set B and C Instances Information

Instance
Name N E E, | C| K | Ng
B.1 75| 130 | 39 | 31| 19 | 16
B.2 133| 214 | 28 | 31| 14 | 27
B.3 222 | 344 | 115| 31| 57 | 45
B.4 192 | 353 | 113| 31| 56 | 39
B.5 290| 423 | 44 | 31| 22 | 59
B.6 288 | 494 | 163 | 31| 81 | 58
B.7 374| 622 | 85 | 31| 42 | 75
B.8 461 | 879 | 286 | 31| 143| 93
C.l1 75 | 260 | 39 [ 31| 19 | 16
C.2 133| 428 | 28 | 31| 14 | 27
C.3 222 | 688 | 115| 31| 57 | 45
C4 192 | 706 | 113| 31| 56 | 39
C.5 290| 846 | 26 | 31| 13 | 59
C.6 288| 988 | 163 | 31| 81 | 58
C.7 374 | 1244 81 | 31| 40 | 75
C.8 461 | 1758| 286 | 31 | 143| 93

wi= Mt M 60 (3.19)
Mmt
Myr best
%BI = MII/I—eS 100 (3.20)
MT

Table 3.7 showcases the results obtained from employing MT+SA and MT+TS, utilizing the
MT algorithm's heuristic solution as their initial starting point. Notably, both SA and TS demon-
strate considerable enhancements in optimizing the maximum trip time of instances in set B and
set C. On average, MT+TS improves the maximum trip time by 49.9%, while MT+SA achieves
a slightly higher improvement of 54.1%. However, delving deeper into the best percentage im-
provement reveals MT+TS outperforming MT+SA with a notable 88.5% improvement compared
to MT+SAs 69.2%. Despite this, MT+TS exhibits more variability in solution quality, as evi-

denced by its higher average standard deviation across instances (28.3 for MT+TS compared to
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Table 3.7: Set B and C Instances Results of SA and TS using MT heuristic

Instance | MT MT+SA-500 MT+TS-500

Name | Mut M STDEV | best | %l | %BI ET M STDEV | best | %l | %BI ET
B.1 28.7 | 28.7 0.1 28,6 | 0.0 0.3 515 | 28.7 0.0 28.7 | 0.0 0.0 46.1
B.2 356.7| 275.0) 485 | 199.0| 29.7 | 79.2 | 111.3 | 228.6| 28.1 | 203.5| 56.0 | 753 | 97.1
B.3 30.8 | 23.9 1.2 21.7 | 289 | 419 | 195.1 | 158 15 14.0 | 94.9 | 120.0| 199.8
B.4 127.2| 30.6 0.0 30.6 | 315.7| 315.7| 2715 | 37.3 0.0 37.3 | 241.0| 241.0| 190.1
B.5 809.5| 333.7| 43.0 | 262.1| 142.6| 208.9| 489.4 | 552.3| 1715 | 272.5| 46.6 | 197.1| 385.9
B.6 130.3| 129.5 11 127.8| 0.6 2.0 | 650.8 | 106.2 6.0 103.1| 22.7 | 26.4 | 513.0
B.7 343.0| 298.8| 334 |256.2| 148 | 339 | 889.1 | 2245| 245 |200.2| 528 | 71.3 | 737.4
B.8 122.6| 122.6 0.0 122.6| 0.0 0.0 | 1366.0| 95.8 22.2 33.3 | 28.0 | 268.2| 987.3
Ci1 252 | 25.2 0.0 252 | 0.0 0.0 50.4 | 25.2 0.0 252 | 0.0 0.0 42.1
Cc.2 578.2| 270.3| 21.7 | 232.4| 113.9| 148.8| 1135 | 425.3| 0.0 425.3| 36.0 | 36.0 | 117.3
C3 28.6 | 27.2 1.6 245 | 51 | 16.7 | 391.9 | 209 2.2 188 | 36.8 | 52.1 | 355.1
CA4 135.8| 135.8 0.0 135.8| 0.0 0.0 | 281.8 | 127.0] 4.3 1205 6.9 | 12.7 | 1818
C5 808.1| 366.3| 29.8 | 325.4| 120.6| 148.3| 497.8 | 420.8| 150.5 | 269.3| 92.0 | 200.1| 452.7
C.6 30.7 | 30.5 0.0 305 | 0.7 0.7 | 743.2 | 30.7 0.0 30.7 | 0.0 0.0 | 634.7
Cc.7 449.3| 233.3| 245 | 212.4| 92.6 | 111.5| 1435.0| 267.8| 34.5 | 2445| 67.8 | 83.8 | 856.8
(O] 122.2| 122.2 0.0 122.2| 0.0 0.0 | 1349.2| 104.1 7.8 925 | 174 | 32.1 | 1043.2

0,
Average % 54.1 | 69.2 49.9 | 885
Improvement

12.8 for MT+SA). This variability suggests that while TS can achieve better improvements, its
convergence may be less consistent than that of SA within the same 500 iterations.

Table 3.8 contains the results of SA, TS, and GA when initiated with a random feasible solu-
tion rather than leveraging the MT algorithm's heuristic. Interestingly, none of the metaheuristics
manage to surpass the solutions obtained from the MT heuristic for all instances in set B and set C.
With the exception of a few instances (B.2, B.5, C.2, and C.5), the metaheuristics predominantly
yield negative values in both percentage improvement (% I) and percentage best improvement
(% B 1) columns.

GA encounters additional challenges, failing to solve some instances altogether. To address
this, a time limit of 3600 seconds was set for GA, representing the upper bound of computational
time for all other metaheuristics. Instances where GA reached this time limit without converging
are marked with an asterisk. The computational complexity of GA in a large practical real-world

set B and set C instances is due to the generation of a unique initial populatier2@, which
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Table 3.8: Set B and C Instances Results of SA, TS and GA using randomly generated initial
solutions. For GA, the results of the instances containing * are the best results obtained within
3600 seconds.

Instance | MT SA-500 TS-500 GA

Name |Myr | M | STDEV | best| %I [%B1 | ET | M |STDEV| best| %l |%B1 | ET | M |STDEV] best | %l %BT | ET
B1 | 287 |1278] 53 |1212|-775|-763| 547 |1722] 312 |100.8 -833| -73.0| 828 | 2686 | 36.8 | 2425| 893 | -882 | 523
B2 |356.7|3102| 29.0 |2676| 150 | 33.3 | 121.0 | 422.3| 79.4 |326.6| -155| 92 | 1427 | 6238 | 1104 | 5255 | -428 | -321 | 69.7
B3 | 308|478 | 368 | 279 |-356| 104 | 1865 [149.2| 350 |100.8| -79.4| -7L9| 220.7 | 273.7* | 42.1* |243.4*| -788.6* | -690.7* | 3600
B4 |127.2|2538| 62 |244.1|-49.9|-47.9| 347.0 |456.9| 47.7 |377.9| -722| -66.3| 536.2 | 3888 | 420 | 3615| -67.3 | -648 |28100
BS5 | 8095|3386 345 |292.8|139.1| 1765 487.0 |394.7| 58.9 |324.3|105.|149.6| 579.1 | 6150 | 934 | 550.5| 316 | 470 | 1585
B6 |1303|201.1| 406 |1492|-352|-12.7| 840.7 | 474.6| 224 |456.0| -725| -71.4 | 11035| 743.4* | 119.9* | 500.6*| -470.5¢ | -353.3* | 3600
B7 |3430|5264| 17.2 |4905|-348| -30.1|1112.0802.7| 312 |773.9|-57.3 | -55.7 | 1440.9| 7482 | 1516 | 6439 | 542 | -467 |21440
BB | 1226|3830 7.6 |3732|-680| -67.1|2204.3/5755) 41 |565.2| -78.7| -78.3| 2888.8| 1056.9%| 84.4* | 944.7*| -762.1* | -670.6* | 3600
C1 | 2521345 103 |128.0| 813 -80.3| 626 |1550] 408 |121.3] 83.7| 792| 654 | 2500 | 215 | 2325| -80.0 | -892 | 481
C2 |5782|3449| 356 |3324| 676 | 73.9 | 117.5 | 469.7| 1041 |274.3| 23.1 | 110.8| 1530 | 5932 | 453 | 5196| -25 113 | 920
C3 | 286|3L0| 35 |296| -77 | -34 | 1786|1791 216 |1155| -840 -752| 7732 | 349.9 | 60.1* |251.3¢|-1123.43*| -778.7* | 3600
C4 | 1358|2667| 27.2 |245.7|-49.1|-447| 332.4 | 5338| 489 |447.6 -746|-697| 5426 | 4348 | 383 | 3740| -688 | -63.7 |3358.6
C5 | 8081|4789 745 |441.9| 687 | 82.9 | 5353 | 480.6| 1335 |3436| 68.1 |135.2| 6102 | 6466 | 507 | 5645| 250 | 432 | 257.9
C6 | 307 [2517| 239 |239.9| -87.8|-87.2| 9162|3472 223 |288.7| -91.2|-89.4| 13989 849* | 153.1* | 702.8*| -2665.8* | -2189.25% 3600
C7 | 4493|5315 446 |517.8| -155|-132|1112.4| 6789 568 |635.7| -33.8| -203 | 1567.4| 876.5* | 34.6* |776.9*| -95.1* | -73* | 3600
C8 | 1222|3541 237 |344.0| -655| -645 | 2220.3/ 809.5 59.6 | 736.7| -84.9| -83.4 | 3054.5| 1129.7*| 100.9* | 980.8*| -8245* | -702.6* | 3600
Average % -198| 9.4 447|274 443 | -358.9
Improvement

is equivalent to solving the instances 25 separate times. On average, SA, TS, and GA demonstrate
improvements in the solution quality for 4/16, 3/16, and 3/16 instances, respectively. This shows,
for bigger instances, a limitation of metaheuristics in the form of dependence on a heuristic to

give a good initial starting point to converge to a better solution.

3.4.5.4 Algorithm Behavior Analysis

This section provides insights into the convergent behaviors of the proposed metaheuristics.

Figures 3.7a and 3.7b present the convergence graph with the averages of the temperature
curves, the objective function for the current iteration (Local Best), and the objective function
(maximum trip time) till the current iteration (Global Best) for 10 executions of set A instance
A.13 SA starting with random initial and MT (MT+SA) solutions, respectively. From both these
graphs, during initial iterations, there's a signi cant variation in the objective function value for
the best local solution. This variation is mainly because of the higher temperature, which allows
for the acceptance of poorer solutions (diversity), promoting exploration across the search space.

As the temperature decreases, there's a decline in the acceptance of poorer solutions, indicating
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that optimization is narrowing down to a speci ¢ region and converging to the optimal solution.

Figure 3.7: (a) Convergence plot of SA and (b) MT+SA for 1000 iterations, for instance, A.13

Figures 3.8a and 3.8b present the convergence graph with the averages of the tabu list lengths
and the objective function till current iteration (Global Best) for 10 executions of an example
instance (A.13) for tabu search starting with random initial (TS) and MT solutions (MT+TS),

respectively.

Figure 3.8: (a) Convergence plot of TS and (b) MT+TS for 1000 iterations, for instance, A.13

Initially, the length of the tabu list increases, indicating exploration of the search space for
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Figure 3.9: (a) Convergence plot of GA for 50 generations, for instance, A.13

new solutions. Eventually, this growth subsides, signaling convergence, where no new solution is
found, and the best solution obtained is returned. An important distinction arises in gure (3.8a),
where the starting objective function value of the random initial solution is 401, signi cantly
distant from the optimal value of 141. This underscores the importance of using a heuristic
solution (MT) as the starting point of the metaheuristic, as depicted in gure (3.8b), where the
heuristic solution yields an objective function value of 162 as the starting point of tabu search.
Figures 3.9 present the convergence graph with averages of the objective function for the
current generation (Local Best), and the objective function (maximum trip time) till the current
generation (Global Best) for 10 executions of set A instance A.13 for GA. The mutatign (p
reproduction (p) and crossover ) rate (Table 3.2) are speci cally chosen after trial and error
in a way to aggressively explore the search space to converge to a better solution with 50 gener-
ations. While the convergence graph shares similarities with those of other metaheuristics, GAs

distinctive characteristic lies in its modi cation of 25 solutions (population) in each generation.
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Figure 3.10: Box plot of average percentage gap (Gap) of metaheuristics for Set A instances

The local best corresponds to the minimum objective function value among these 25 solutions in
each generation. Consequently, the uctuations observed in the local best re ect the continuous
exploration of the solution space by GA's diverse population.

For numerous instances across sets A, B, and C, the solutions generated by all metaheuristics
showed no improvement after 500 iterations. Consequently, we set the number of iteratipns (M
to 500 and the number of generations for GA to 5Q)Nhis decision was guided by the aim to
strike a balance between achieving effective optimization and minimizing computational effort,

particularly for larger instances within Sets B and C.

3.4.5.5 Discussion

This section discusses some important observations noticed during the experimentation and
provides insights.

In set A, nding high-quality solutions for instance A.12 was a challenge for many of the
metaheuristics (except GA and MT+SA), which had a best gap of over 200% for this instance.
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Their poor performance on this instance signi cantly affected their average performance, as
shown in Figures 3.10 and 3.11, which show the average (Gap) and best percentage (B Gap)

gaps for set A instances for all the metaheuristics, respectively.

Figure 3.11: Box plot of best percentage gap (B Gap) of metaheuristics for Set A instances

We can see the effect of instance A.12, which resulted in the maximum average and best
percentage gaps for all metaheuristics, causing variability in the results by increasing the aver-
age standard deviation. The highest standard deviation in the average percentage gap for the set
A instance was found in TS, which was 11.3 on average for each instance. On the other hand,
SA+MT produced the best results in terms of solution quality, second only to the GA, requiring
signi cantly less computational effort than GA. The results also showed the metaheuristics con-
verged to a better solution if started from a solution with the MT heuristics rather than starting
with a random solution.

This observation becomes even more pronounced for larger Set B and C instances. Figures
3.12 and 3.13 show the average and best percentage improvement in maximum trip time of meta-
heuristics with respect to the MT algorithm for set B and set C instances, respectively, and the
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MT solution is shown as a dotted line at 0 % on the y-axis. In both these graphs, we can see that,
on average, only MT+SA and MT+TS converge to a better solution than the MT heuristic. For
SA, TS, and GA, which started from an initial random solution, converged to a worse solution
than the MT heuristic, which is apparent as the box for these metaheuristics in both graphs lies
below the dotted line.

Furthermore, the graphs highlight the substantial variability in the performance of these meta-
heuristics for larger instances, as evident from the wide ranges of the boxes and whiskers. For
instance, the box plot for SA-500 in Figure 3.13 shows a wide range, with a maximum improve-
ment of around 176.5% and a minimum of around -87.2% with a mean of -9.4% and a standard
deviation of 69.5%. This variability can be attributed to the stochastic nature of these algorithms
and their sensitivity to initial solutions (random in this case) and parameter settings.

To statistically assess whether the observed differences in solution quality are meaningful,

the two-sample Kolmogorov—Smirnov (KS) test is employed. The KS test compares the empir-

Figure 3.12: Box plot of average percentage improvement (% 1) in solution quality of metaheuris-
tics for Set B and C instances
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Figure 3.13: Box plot of best percentage improvement (%B |) of metaheuristics for Set B and C
instances

ical distributions of maximum trip times (M) across methods without assuming any underlying
distribution, making it well-suited for evaluating stochastic optimization algorithms.

As shown in Appendix A Table A.1, which considers Set-A instances where optimal solutions
are available, all pairwise comparisons yield high p-values (p > 0:05), indicating no statistically
signi cant difference between methods; this suggests that MT+SA, MT+TS, SA, TS, and GA
achieve solution qualities comparable to the optimal baseline.

In contrast, Table A.2, which reports results for Set-B and Set-C instances using MT as the
baseline due to the absence of optimal solutions, reveals statistically signi cant differences for
TS and GA (e.g., p < 0:05), indicating that these methods produce distributions of maximum
trip times that are substantially worse than MT, while MT+SA and MT+TS remain statistically

comparable to the baseline.
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3.5 Conclusions

This chapter addressed RQ1 by formally de ning the MD-RPP-RRV and developing solution
methods for routing rechargeable and reusable vehicles across multiple depots. A MILP formu-
lation was presented to obtain optimal solutions for small instances and to serve as a benchmark
for evaluating heuristic performance. To address scalability, the chapter introduced the multi trip
heuristic and the RDA algorithm for ef cient route construction, followed by the metaheuris-
tics SA, TS, and GA to improve allocation quality. Computational results showed that the pro-
posed metaheuristics substantially improve the initial solutions produced by the MT heuristic.
For smaller instances, the optimality gap of the MT heuristic was reduced from 162% to 0.9%,
16.2%, and 0% using SA, TS, and GA, respectively, with GA converging to optimal solutions at
the cost of higher computational effort. For larger instances, where MILP could not be solved
due to memory and computational limits, SA and TS improved solution quality by 54.1% and
49.9%, respectively, relative to MT when initialized with MT solutions. However, when initial-
ized randomly, the metaheuristics did not yield improvements for large instances, underscoring
the importance of high quality initial solutions.

While the proposed methods effectively solve the deterministic MD-RPP-RRYV, real world
UAV operations are subject to uncertainty and potential vehicle disruptions. The next chapter ex-
tends the MD-RPP-RRYV by explicitly incorporating random vehicle failures and develops failure

aware routing and reallocation strategies to maintain mission robustness.

65



Chapter 4. Multi-Depot Rural Postman Problem with Rechargeable and

Reusable Vehicles with vehicle failures

This chapter addresses the second research question (RQ2) introduced in Chapter 1, which
focuses on developing robust routing algorithms that can effectively handle vehicle failures in
the MD-RPP-RRV. Building upon the deterministic routing framework developed in Chapter 3,
this chapter extends the problem setting to account for stochastic vehicle failures that may occur
during mission execution. The material presented in this chapter is currently under peer review
for publication in IEEE access journal.

The chapter is organized as follows. Section 4.1 provides the motivation for incorporating
vehicle failures into the MD-RPP-RRV and outlines the need for failure-aware routing strate-
gies. Section 4.2 presents the operational assumptions and formally de nes the MD-RPP-RRV
under stochastic vehicle failures. Section 4.3 details the proposed two-stage reactive framework
comprising of centralized and peer auction. Section 4.4 presents the experimental evaluation,
including a rigorous sensitivity analysis of algorithmic parameters and a comparative benchmark
against a reactive simulated annealing metaheuristic across 257 failure scenarios. The section
also derives a theoretical performance bound for the proposed centralized auction. Finally, Sec-

tion 4.5 concludes the chapter.
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4.1 Introduction

While unmanned systems offer signi cant potential for cost effectiveness and operational ef-
ciency [82, 83], their deployment introduces challenges that are less pronounced in traditional
manned eets. Compared to conventional vehicles, unmanned platforms operate under strict bat-
tery limitations and exhibit a higher susceptibility to stochastic failures. As a result, transitioning
from manned to unmanned eets fundamentally changes the structure of the routing problem and
necessitates new strategies to ensure reliability and mission continuity.

The failure rate for drones is estimated to be approximately 1 in 1,000 ight hours, which
is two orders of magnitude higher than commercial aviation, and sophisticated UAV systems
may experience overall failure rates approaching 25% [84]. These elevated failure risks im-
ply that routing models must explicitly account for possible mission interruptions and dynamic
rescheduling requirements. Failure events can lead to signi cant delays and incomplete coverage
if not properly addressed, thereby motivating the need for robust routing and recovery mecha-
nisms.

Although preventive maintenance strategies can improve system reliability [84, 85], fail-
ures during mission execution remain unavoidable in many practical settings. Consequently,
this chapter focuses on managing and mitigating the operational impact of vehicle failures in
transportation-oriented routing problems. Speci cally, we study the MD-RPP-RRV in a dynamic
setting where vehicles have limited operational capacity, can be recharged and reused, and may
fail unexpectedly during mission execution.

As established in Chapter 1, the MD-RPP-RRYV is already computationally challenging due

to the combined effects of routing, capacity, and multi-depot coordination. The introduction of
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stochastic vehicle failures further transforms the problem into a dynamic rescheduling task that
requires rapid recovery of mission feasibility after disruptions. To address this challenge, this
chapter develops a reactive rescheduling framework that balances solution quality with the speed
required for real-time recovery. The proposed approach operates without prior knowledge of
failure timing or location and integrates coordinated task reassignment and local route repair to
maintain mission continuity.

Because failures occur during mission execution, the key computational requirement in this
setting is that recovery solutions be generated within a short operational time window so that
route disruptions do not compromise mission continuity. Accordingly, the methods developed
in this chapter are evaluated not only by recovery quality but also by whether their runtimes are

suitable for real-time rescheduling in the target UAV use case.

4.2 Problem Description

This section formally describes the MD-RPP-RRYV in the presence of stochastic vehicle fail-
ures. Chapter 3 presented the deterministic version of the problem and its associated MILP
formulation under the assumption of reliable vehicle operations. In this chapter, the problem
is extended to a dynamic environment in which vehicles may fail unexpectedly during mission
execution. The failure times and locations are unknown in advance and are revealed to other
non-failed vehicles only when the failure occurs.

To keep this chapter self-contained while avoiding unnecessary repetition, we retain the core
network representation, notation, and operational de nitions introduced in Chapter 3. The for-

mulation presented here augments that baseline model with additional assumptions and problem
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elements required to capture stochastic failures and the resulting reduction in the active eet. The

focus of this chapter is therefore on the dynamic and failure-aware aspects of the MD-RPP-RRV.

4.2.1 Assumptions

The operational framework in the presence of vehicle failures is de ned by the following

assumptions:

1. All vehicles are homogeneous and possess identical battery capacity, recharge time, and

constant travel speed.

2. A required edge is considered successfully serviced only if a vehicle traverses the edge
and subsequently completes the trip by reaching a depot node. If a failure occurs after
traversal but before the vehicle reaches a depot, the edge is marked as unserviced and must
be reassigned. This models high-bandwidth data collection scenarios in which physical

return to a depot is required for data retrieval.

3. Each required edge may be serviced by any available vehicle. No vehicle speci ¢ assign-

ment restrictions are imposed.

4. Vehicle failures may occur during edge traversal but do not occur while the vehicle is

recharging at a depot.

5. At least one vehicle remains operational throughout the mission. If all vehicles fail, the

rescheduling problem becomes infeasible.

6. Vehicle failures are detected and communicated immediately to the central coordination
system and the remaining vehicles through low-bandwidth status signals. The termination
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of the signal indicates failure.

7. Vehicle failures are modeled as instantaneous events rather than gradual performance degra-

dation.

4.2.2 Problem Inputs and Objective

Aninstance of the failure-aware MD-RPP-RRYV consists of a eet of K homogeneous vehicles
operating on an undirected weighted connected graph G = (N; E; T). The node set N represents
locations in the network, and E denotes the set of edges connecting the nodes. Each edge (i;]) 2
E has an associated traversal time t(i;j) 2 T, computed as t(i;j) = I(i;])=S, where I(i;]) is
the edge length and S is the constant vehicle speed.

The subsetE E represents the required edges that must be serviced. Vehicles operate from
depot nodes N N, where they may start, stop, and recharge. Each vehicle has a maximum
operational time per trip denoted by C and must undergo a xed recharge duratibetReen
consecutive trips.

During mission execution, a subset of vehicles F f1;:::; Kg experiences failures. Each
failing vehicle k 2 F has an associated failure time These parameters exist in the environment
but are unknown to the routing algorithm at mission start and are revealed only when failures
occur. After failure at time {, the vehicle immediately ceases operation and cannot complete its
assigned route.

The objective is to determine and dynamically maintain a routing schedule such that every
required edge in Eis successfully serviced by a vehicle that returns to a depot. The performance

metric is the mission time , de ned as the maximum completion time among all vehicles. A
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feasible solution must satisfy ow conservation, depot start and end conditions, and the battery
capacity constraint so that no trip exceeds duration C and recharge intervals of lengile R
respected.

The presence of stochastic failures transforms the problem from a static routing task into a dy-
namic rescheduling problem that requires rapid recovery of feasibility. Given the NP-hard nature
of the underlying problem, ef cient algorithmic strategies are necessary to update routes in real
time after failures occur. The following section presents the proposed failure-aware rescheduling

framework.

4.3 Proposed Approach

This section presents the proposed two stage reactive framework for the MD-RPP-RRV under
stochastic vehicle failures. The notation introduced in Chapter 3 is retained where applicable, and
Table 4.1 summarizes the additional symbols and state variables used in the proposed framework.
The key procedures are described using pseudocode and illustrated through a small example

instance.

4.3.1 MD-RPP-RRV Routes and Rescheduling Example

To aid the reader's understanding of the proposed framework, this section presents an illustra-
tive example demonstrating a feasible MD-RPP-RRYV solution, the impact of a dynamic vehicle
failure, and the subsequent reactive rescheduling process.

Consider an instance with an undirected graph G that has 8 nodes, 13 edges, 2 depot nodes

(Nodes 1 and 5), and 2 required edges ((2; 3) and (7; 8)), shown in Figure 4.1(a). There are two
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Table 4.1: Extended nomenclature for MD-RPP-RRV with stochastic vehicle failures

Variable Description

C Maximum vehicle battery capacity (time units)

E. Set of required edges to be serviced; EE

F Subset of vehicles that experience failure; F  1;:::;Kg

fi Failure time of vehicle k 2 F

G =(N;E;T) Network graph with nodes, edges, and edge weights

K Total number of vehicles

Ny Set of depot nodes; N N

Rt Fixed time required to recharge a vehicle at a depot

State Variables

Nk Current node position of vehicle k in graph G

Px Route for vehicle k (sequence of trips)

Sk Status of vehicle k (True = Active, False = Failed)

t Current simulation time

tm Mission time; t, = maxy Yk

Yk Arrival time of vehicle k at the depot after its last scheduled trip
Centralized Auction Parameters

r Increment step for search radius expansion

Mg Dictionary mapping failed trips to their unserviced required edges
ri Initial search radius for nding candidate vehicles

f A speci c failed trip being auctioned
Peer Auction & Router Parameters

Fanch Index of the last visited depot (anchor) in a trip

ock Index of the last serviced required edge (lock) in a trip

L Computational budget (max transactions per receiver)

R Maximum peer auction rounds

S(u;v) Convex scoring function value for moving from u to v

W Maximum window size for trip combinations in Peer Auction
Weap Capacity usage ratio{} =C) used in scoring

X Set of proposed transactions (swaps/relocations)

vehicles: Y starts at the depot at Node 1, angl 8farts at the depot at Node 5. The vehicle
capacity is C = 7 time units, and the recharge time is R 1:1 time units.

The initial plan assigns one trip to each vehicle; pérforms the trip f1 2 3 5g,
which covers the required edge (2;3) and ends at Node 5. The total duration of this trip is

2:0 + 1.5 + 2:0 = 5:5 time units, which is feasible (5:5 C). Simultaneously, 6 assigned
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thetripf5 7 8 5g, which covers the required edge (7; 8) and returns to Node 5. This trip
takes 2:0 + 1:5 + 2:2 = 5:7 time units, which is also feasible. So, the initial mission time is
max(5:5; 5:7) = 5:7 time units.

Figure 4.1(b) illustrates a dynamic failure scenario wheriaNs while traversing the required
edge (7;8). This failure renders,'¥ remaining route infeasible and leaves the required edge
(7; 8) unserviced.

Figure 4.1(c) shows the updated route forater reactive rescheduling; Ydecomes respon-
sible for the unserved required edge (7; 8) originally assigned td&/Mcompletes its rst trip at
Node 5 att = 5:5. It then recharges at Node 5, which takes 1:1 time units. Finalgx&tutes
the second trip f5 7 8 5g to traverse the required edge (7; 8), taking an additional 5:7 time
units. Thus, the updated routeigBfl 2 3 5;5 7 8 5g. The vehicle nishes its

route aty =5:5+ 1:1 +5:7 = 12:3 time units. The new mission time ig t= 12:3 time units.

4.3.2 Overview of the Reactive Framework

The overall decision ow of the proposed reactive framework is visualized in Figure 4.2. The

process begins by using a simulated annealing algorithm (Chapter 3) to generate initial routes for

Figure 4.1. (@) Initial two-vehicle plan, (b) dynamic failure of ® a required edge, and (c)
rescheduled Mroute covering the unserved required edge.
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the MD-RPP-RRYV, which have no vehicle failures. The vehicles then begin to follow their routes.
As they progress, the system continuously monitors the eet for failure events, which occur at
the times §, k 2 F. Upon detection of a failure, the framework rst isolates the speci c trip
interrupted by the breakdown.

To minimize computational overhead, the algorithm reviews the failed vehicle's remaining
schedule to identify the trips that contain unserviced required edges. (Purely logistical trips, such
as repositioning movements between depots without traversing required edges, are discarded.)
The remaining critical trips are aggregated into an auction pool. If this pool is non-empty, the
two-stage rescheduling protocol is activated.

The rst stage executes the CENTRALIZED AUCTION procedure (described in Section 4.3.4).
This mechanism prioritizes operational speed and feasibility, rapidly reallocating the failed trips
to active vehicles to restore immediate service continuity. Once a valid schedule is established,
the framework transitions to the re nement stage. If multiple vehicles remain active, the PEER
AUCTION procedure (described in Section 4.3.5) is triggered to balance workloads through nego-
tiation. If only one vehicle remains, the peer auction is bypassed, and the MAGNETIC ROUTER
(described in Section 4.3.5.3) is applied directly to the lone vehicle to optimize the greedy in-
sertions made by the centralized auction. This adaptive approach ensures that the system reacts
instantaneously to disruptions, due to vehicle failure, and improves the eet's mission time re-

gardless of eet size.
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Figure 4.2: Flowchart of the proposed reactive framework. The process begins with failure de-
tection, followed by a rapid Centralized Auction for feasibility and a Peer Auction re nement
phase for solution quality.

4.3.3 MD-RPP-RRV with Vehicle Failures

Solving an instance of the MD-RPP-RRV with vehicle failures requires a dynamic approach:
generating an initial set of routes assuming perfect vehicle reliability, and then rescheduling re-
actively when failures occur. Algorithm 10 outlines this simulation process.

In this study, we determined the vehicles' initial routes using a simulated annealing algorithm
(Line 2). We then simulated the mission by iterating time t from O to the mission completion

tm (Line 6), constantly monitoring the eet status. Note that, for any vehicle k, its routeal
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Algorithm 10 MD-RPP-RRV with Vehicle Failures
1: procedure SIMULATION(G; K; F; C;R1;Ng;nk ;ri; rR;W;L)
2: Pc:yk SA(G;N ¢ Kink;Yk;Eu;RT;C)

3: tm rkrl?:(::;K Vk; Sk True; 8k 2K

4: Dy DEPOTTODEPOTROUTES(G;N 4;R7;C)
5: Initialize dictionary Mk ;

6: fort=0'!'t ,, do

7: forallk=1;:::;K do

8: ift=f x;k 2 F and S = True then

9: S¢ False

10: i TRIPINDEX(G;P ;RT;1)

11: f ne f

12: forj=i'!len(P )do

13: g REQUIREDTRIP(E y;Px[])
14: if & 6= then

15: f P k]

16: Me[¢] e ¢

17: end if

18: end for

19: end if

20: end for

21: if Mg 6=; then

22: P« ;yk CENTRALIZEDAUCTION(G;M g;RT;Dg;t;K;Pk;Sk;yk:ri; 1)
23: P« PEERAUCTION(G;K;C;R 1;Pk;V¥k:Ng;Sk;tiR;W;L)
24 tn MISSIONTIME(G;P k;RT)

25: end if

26: end for

27: return Pk

28: end procedure

len(P) trips; Fx[j] denotes the j-th trip. Also, R is the set of all routes,yy is the set of all
arrival times, and g is the set of all vehicle status.

When a vehicle k 2 F fails at timef (Line 8), the algorithm must identify precisely which
tasks in the failed vehicle's schedule require reallocation. This identi cation is handled by two

high-level helper procedures:

1. TRIPINDEX (Appendix B Algorithm 26): This procedure (Algorithm 10, Line 10) iterates

through the schedule for failed vehicle k, summing the duration of completed trips and
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recharge intervals. It returns the speci c index i of the trip that vehicle k was traversing at

time fy.

2. REQUIREDTRIP (Algorithm 10, Line 13): After the failure point is identi ed, the algorithm
iterates through all subsequent trips in the schedule for vehicle k (Lines 12-18). Because
there might be some repositioning trips, a REQUIREDTRIP check lIters the schedule. It
inspects the edges within a trip and returns the set of required eddlbaténave not yet

been serviced.

Only trips containing unserviced required edges are added to the auction dictiopgddd-M
gorithm 10, Line 16). This ltering step is crucial as it eliminates the computational overhead of
auctioning purely logistical trips. Finally, if M is non-empty, the two-stage rescheduling frame-
work is triggered: rst, the CENTRALIZEDAUCTION procedure generates a feasible reallocation
of these trips to active vehicles, followed immediately by the PEERAUCTION procedure, which

re nes the solution through local improvements (Lines 22-23).

4.3.4 Centralized Auction (CA) Procedure

The CENTRALIZEDAUCTION procedure (Algorithm 11) rapidly reallocates failed trips
from the set M to active, non-failed vehicles. The allocation strategy is greedy, with the aim of
minimizing the immediate increase in the overall mission tigpeThe procedure iterates through
each failed trip (Line 5) and executes a three-step process for each: Candidate Search, Bidding,
and Assignment.

1. Candidate Search: To keep the algorithm ef cient, the algorithm avoids evaluating the

entire eet for every reallocation task. Instead, it employs a SEARCH procedure (Appendix B

77



Algorithm 11 Centralized Auction Procedure
1: procedure CENTRALIZEDAUCTION(G; Mg ;RT;Dg; t; K; Pk ; Sk sk ;i 1)
2: while Mg 6=; do

3: Initialize Bmin  1;k ZR b

4: tm MISSIONTIME(G;P k;RT)

5: forall ;6 2 Mg do

6: Initializer r j;K;

7: while K, =; do

8: Ky SEARCH(G;P k;R1; #;rK;Sk;t)
9: rr+r

10: end while

11: for all vehicle k 2 K; do

12: bid; R« CALCBID(G;D g; f;t;es;K;Px;tm)
13: if bid < B min then

14: Bmin bid;R p R k;k Kk; f f
15: end if

16: end for

17: end for

18: P« R p, Update y

19: Remove; ;Mg ; ] from Mg

20: end while
21: return Pk ; yk
22: end procedure

Algorithm 25) (Line 8) to Iter for nearby candidate vehicles. As illustrated in Figure 4.3, the
search begins with a small radiusaentered on the depots associated with the failed trip. The
procedure iterates through all active vehicles, checking the shortest path distance between their
scheduled depot stops and the failed trip's location. If the distance to either the start or end depot
of the failed trip falls within the current radius r, the vehicle is added to the candidate, sét K
the set K remains empty after checking all vehicles, the radius is incrementally expanded by r
(Figure 4.3(b)-(c)) (Algorithm 11, Lines 7-10). This iterative expansion ensures that only nearby
vehicles are considered in the bidding, signi cantly optimizing the process.

2. Bidding: Once a non-empty set of candidate vehiclesiK identi ed, each candidate

calculates a bid representing the “cost” of incorporating the failed tripto its schedule (Algo-
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Figure 4.3: MD-RPP-RRV Candidate Search procedure: (a) Initial setup. (b) First search iteration
with small radius yields no results. (c) Second iteration with expanded radius identi es Vehicle
1 as a candidate.

rithm 11, Line 12). This process is handled by a CALCBID procedure (Appendix B Algorithm
27), which determines the optimal insertion point within the candidate's existing reutéte
procedure iterates through every future depot stop the vehicle's remaining schedule to sim-
ulate a potential insertion. To rigorously maintain ow conservation, the insertion logic adapts
based on the position of avithin the current route.

When the insertion point corresponds to an intermediate depot, as depicted in Figure 4.4,
the algorithm constructs a detour cycle: the vehicle travels fromo ¢the start of the failed trip

¢, completes the service traversal, and returns ttodesume its original path. Conversely, if

Figure 4.4: Example of Trip Insertion: (a) Initial routes of &d 4. (b) \,'s failed trip is
inserted into Ys route at depot g creating a valid sub-tour.
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d: represents the nal depot of the route, the constraint is relaxed; the vehicle simply extends
its mission to cover; without the necessity of returning tq ,dprovided the chosen direction
(forward or reverse traversal of) minimizes total travel time. The bid returned corresponds

to the minimum resulting increase in the total mission time found across all feasible insertion
points.

3. Assignment: The auctioneer compares the bids received from all candidatesand&
identi es the vehicle k offering the lowest bid B, (Algorithm 11, Lines 11-16). This cor-
responds to the vehicle capable of absorbing the failed trip with minimal increment to mission
time. The failed trip ; is assigned to vehicle kand its route P is permanently updated to the
optimal con guration R, determined during the bidding phase. The assigned trig then re-
moved from M:, and the loop continues until all failed trips and respective failed required edges
are reallocated.

The centralized auction prioritizes speed and feasibility, rapidly generating a valid schedule
by greedily inserting entire failed trips into active routes. However, this failure trip insertion
strategy inevitably introduces inef ciencies; even optimal insertions lead to increase in mission
time by at least C + R. Although this approach establishes a critical feasible baseline, it lacks
the granularity to optimize the internal route structure. To mitigate these detours and enhance
solution quality, the following section introduces the peer auction, which employs a local repair

mechanism to re ne the baseline schedule.
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Algorithm 12 Peer Auction (Re nement Phase)
1: procedure PEERAUCTION(G; K;C; Rr; Pk ; ¥k ;Ng; Sk ; t; R; W; L)

2: rent 0,K imp True

3 while Kimp and rene <R do

4: kKmp False,rcne r cnt+1

5 tm MISSIONTIME(G;P k;RT)

6 D argmax yg . Donor
k=1;:::K

7 Kr sort v fk2K|jS ¢y =True"k6=Dg

8: X

9: Tp GENERATETRIPCOMBINATIONS(P p;t; W)

10: forallr2K g do

11: T, GENERATETRIPCOMBINATIONS(P ;t; W)

12: X X [BUILDTRANSACTIONS(D;r; T p;Tr;L)

13: end for

14: forall (D;r;t p;t;) 2 X do

15: ES;E? EXCHANGEEDGES(P p;Pr;tp;tr)

16: PY MAGNETICROUTER(G;E $;Ng; START(Pp [tp[1]]); C)

17: PO MAGNETICROUTER(G;E 9, Ng; START(P; [t;[1]]); C)

18: thew Max(ROUTETIME(P 3); ROUTETIME(PD)

19: if thew <tm then

20: Po P 3;Pr P %yp ROUTETIME(P p);yr ROUTETIME(P /)

21: Kmp True

22: break

23: end if

24: end for

25: end while
26: return Py ; yk
27: end procedure

4.3.5 Peer Auction (PA) Procedure

The PEERAUCTION procedure (Algorithm 12) iteratively improves the feasible solution gen-

erated by the centralized auction. Although the initial solution ensures mission completion, it

often results in imbalanced routes due to the greedy nature of the centralized assignment. The

peer auction addresses this by facilitating cooperative transactions between active vehicles to

redistribute required edges and reduce the mission time t

The algorithm operates in rounds, continuing as long as an improvement is found or until a
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maximum round limit R is reached (Algorithm 12, Line 3). At the start of each round, the current
mission time {, is calculated (Line 5). The algorithm then identi es the donor vehicle D which is
the vehicle with the maximum route time i.e., the one that completes its route last (Algorithm 12,
Line 6). The other active, non-failed vehicles are designated as candidate receivers (thi set K
ascendingly sorted by their route times (Algorithm 12 Line 7). This strategy targets the donor
vehicle that de nes the mission time and attempts to move required edges to the underutilized

active vehicles(fk 2 K j S = True) with yx <yp.

4.3.5.1 Transaction Generation

To explore the search space ef ciently, the algorithm generates a set of candidate transac-
tions X. First, the GENERATETRIPCOMBINATIONS procedure (Algorithm 13) constructs sets of
trip combinations § for the donor (Algorithm 12, Line 9). This procedure identi es all future
trip indices (after time t) | that can be peer auctioned (Algorithm 13, Line 2) and generates all
contiguous sub-segments of length up to W (Algorithm 13, Lines 4-6). For example, if a ve-
hicle has future trips indexed f3;4;5g and W = 2, the procedure generates the combinations
f[3]; [4]; [5]; [3; 4]; [4; 5]g. This allows the algorithm to consider moving single trips or blocks of

adjacent trips.

Algorithm 13 Generate Trip Combinations
1: procedure GENERATETRIPCOMBINATIONS(R; t; W)

2: | GETFUTURETRIPINDICES(P g;t)

3: Ct ;

4 m  min(W; jlj)

5 forlen 1tomdo

6: C C ([fl[j:j+len]jO | jlj leng
7 end for

8 return C;

9: end procedure
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Algorithm 14 Build Transactions
1: procedure BUILDTRANSACTIONS(d;r; Tg; Tr; L)

2: X

3 forallty 2 Tq do

4 X X[f(dirt 4539 . Relocation
5 forallt, 2T, do

6: if jXj Lthen

7: return X

8 end if

o X X[fd;rnt  g:t)g . Swap
10: end for

11: end for

12: return X
13: end procedure

The algorithm then iterates through each receiver r (Algorithm 12, Line 10), generating a sim-
ilar set of trip combinations ,Tusing GENERATETRIPCOMBINATIONS (Line 11). The BuiLD-
TRANSACTIONS procedure (Algorithm 14) is then called to create speci ¢ proposals from these
combinations (Algorithm 12, Line 12). This procedure considers two types of moves to gener-
ate combinations: relocation, where the set of required edges associated with a combination of
future trip indexes ¢ is moved entirely from the donor to the receiver vehicle (Algorithm 14,
Line 4), and swap, where the sets of required edges associated with combinations of future trip
indexes § and t are exchanged between the donor and receiver vehicles (Algorithm 14, Line
8). To maintain real-time responsiveness, we impose a computational budget L on the number
of transactions evaluated per receiver vehicle. This limit prevents combinatorial explosion while

ensuring the most promising local moves are considered.

4.3.5.2 Evaluation and Reconstruction

The core evaluation occurs in lines 14-22 of Algorithm 12. For each proposed transaction,

the algorithm executes a virtual trade. First, the EXCHANGEEDGES procedure reassigns the
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Algorithm 15 Magnetic Field Router

1: procedure MAGNETICROUTER(G; Eeq; Ng; Ustart ; C)
2: P ; . Global route
Erem E reqsU U start
while E,em 6= ; do
i E coviUeng CONSTRUCTTRIP(G;E rem;Ng;u;C)
if =;then break
end if
Append to P
Erem E rem NEcov
10: U U end . Next trip starts where previous ended
11: end while
12: return P
13: end procedure

set of required edges associated with the transaction between the donor and receiver vehicles
(Algorithm 12, Line 15). Crucially, the routes for both vehicles are then completely reconstructed
from scratch using the magnetic eld router (Algorithm 12, Lines 16-17). Note that the START
function returns the depot node at which a trip starts.

Unlike simple insertion heuristics, the magnetic eld router (described in Section 4.3.5.3)
rebuilds the route trip-by-trip for both donor and receiver vehicles based on the new required
edges assignment obtained from future trip combinationg aftl t respectively. The new local
mission time te, IS calculated as the maximum of the reconstructed route times (Algorithm 12,
Line 18). If tyew is strictly less than the current mission timg (Algorithm 12, Line 19), the
transaction is accepted immediately. The vehicle routes are updated, and thg, ag &et to
true (Algorithm 12, Line 21), indicating that an improvement in mission time was achieved. This
triggers an immediate exit from the inner loop, skipping remaining transactions since the vehicle
states have changed. Thgk ag subsequently controls the outer loop (Algorithm 12, Line 3); if
a round completes without nding any improving transactiog,{kremains false), the algorithm

terminates.
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4.3.5.3 Magnetic Field Router

The MAGNETICROUTER procedure (Algorithm 15) is a local repair algorithm that rebuilds
feasible vehicle routes from scratch given a set of required edggs Ehe algorithm initial-
izes an empty global route P and iteratively constructs individual trips using the CONSTRUCT-
TRIP procedure until all required edges are serviced (Algorithm 15, Lines 2-10). This sequential
construction ensures that capacity and route continuity constraints are strictly respected while
maximizing the coverage of required edges in each trip.

The CONSTRUCTTRIP procedure (Algorithm 16) builds a single feasible trip  starting from
a speci ¢ depot 4, and extending until the vehicle returns to a depot to recharge (Algorithm
16, Line 2). Throughout the algorithm, we use array indexing notation where [0] denotes the

rst node in the trip sequence (the starting depot) and [end] denotes the last node currently in the
sequence (the vehicle's current position). To manage the path ef ciently, the procedure maintains
two history indices: jjj, which marks the index of the last visited depot, apg i which marks

the index of the last serviced required edge. These indices de ne a safe history that cannot be
modi ed, protecting previously traversed required edges in the constructed trip while the trip
length is optimized.

The algorithm iterates until no required edges remain (Algorithm 16, Line 4). At the begin-
ning of each iteration (Line 6), the algorithm initializes the insertion poipggrioj j, wherej j
denotes the total number of nodes currently in the trip sequence. Within each iteration, a critical
component is the path re nement mechanism (Lines 10-16). If a neighbor v of the current node u
is part of a new required edge (Line 10), the algorithm veri es if v can be reached more ef ciently

via a direct path from a previous safe point. The pivot inggy:iis determined by the maximum
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Algorithm 16 Construct Trip (Single Vehicle Trip)
1: procedure CONSTRUCTTRIP(G; Eem ; Ng; Ustart ; C)

2: [U start]l tewr O,E cov . Initialize trip
3: g 0;i req O . Indices of last visited depot and required edge
4: while E,em 6= ; do
5: u [end],w capp t cur=C
6: Smax  1;p niojoin T
7 for all v 2 NEIGHBORS(G; u) do
8: treq TIMETOREQ(V;E rem);tdepot TIMETODEPOT(V;N ¢)
9: Peand [Vt proj t cur T (U V)i end )
10: if (U;Vv) 2 E rem then
11: ipivot  Max(i 1d;iireq)
12: Psp  SHORTESTPATH( [i pivot]; V), tsp TRIPTIME(P sp)
13: if TRIPTIME( [0 @i pivot]) +t sp <tproj then . Check if shortcut is faster
14: Rand P spitproj TRIPTIME([O:i pivot]) +tspiiend 1 pivot
15: end if
16: end if
17: if tproj +tdepot C then
18: S (1 W cap) €' +Wggp €8 et =C . Convex edge scoring function
19: if S > Smax then
20: Shax S;p P cand;ijoin | end
21: end if
22: end if
23: end for
24: if p = then break
25: end if
26: [0:i join]*+P ;tcur TRIPTIME() . Splice path if optimization found
27: Vrew P [end];@ew (p [end 1],V new)
28: if View 2 Ngthenig jj
29: end if
30: if énew 2 Erem then Ecoy E cov[f€ newQ;iireq 1]
31: end if
32: end while
33: FINISHTRIPTODEPOT( ;N 4);Uend [eNd]
34: return ;E cov; Uend

35: end procedure

of ijg and ieq (Line 13). If a shortcut from [jio:] reduces the total trip time, the algorithm
tentatively updates the candidate end indgy to this pivot point (Line 14), identifying it as a
potential optimization.

However, identifying a shortcut is only the rst step. Before any edge is added to the trip ,
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the algorithm must strictly enforce operational constraints. A feasibility check (Line 17) ensures
that the vehicle can traverse to the candidate neighbor v and subsequently return to the nearest
depot without exceeding its total capacity C. Only after passing this validation is the edge (u; V)
evaluated against other candidates using a convex scoring function S(u;v) (Line 18). If the
candidate edge yields the highest score among all neighbors, the algorithm updates the insertion
pointer jyin to match the candidatgy (Line 20). This deferred update ensures that the router
only commits to truncating the inef cient path segment and splicing in the optimized path (Line
26) after con rming that the resulting trip is both physically feasible and locally optimal.

Before accepting a move, the algorithm performs a feasibility check to ensure the vehicle can
reach node v and subsequently return to a depot within capacity C. Valid moves are ranked using

a convex scoring function S(u; v) (Line 18):

S(U;V) — (l W cap) et req +Wcap et depot =C (41)

In Equation 4.1, &, represents the travel time from node v to the nearest unserviced required
edge, and d&pot represents the travel time to the nearest depot. The weighting fagior=w
tcur =C shifts priority dynamically. Early in the trip, the weight favors the rst term to drive
exploration. As the battery depletes, the weight shifts to the second term to guide the vehicle
toward depots.

Figure 4.5 illustrates this behavior on a sample graph instance. The left panel (Figure 4.5a)
shows the network topology with depots (red) and required edges (blue). The center panel (Figure
4.5b) depicts the constructed trip. Initially, the vehicle services the required edges (nodes 0-6-7-

1). Notice the detour to node 1; although node 1 is a depot, the vehicle does not terminate the trip
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Figure 4.5: Step-by-step construction of a single trip by the Magnetic Field Router. (a) Instance
topology showing depots (red) and required edges (blue). (b) The resulting trip path. Note the
vehicle visits depot 1 mid-trip but continues to service edges 5-4. (c) Evolution of the decision
forces. The vehicle continues servicing edges as long as the Required Edge Attraction (blue)
dominates. The trip terminates only when the Depot Attraction (red) overtakes the edge attraction
due to depleting capacity.

there. This behavior is explained by the right panel (Figure 4.5c), which tracks the evolution of
the decision forces. Around step 5 (visiting node 1), the attraction of required edges (blue line)
remains high, indicating nearby unserviced edges, while the attraction from the depots (red line)
is low. Consequently, the router continues the trip to service the remaining edges (nodes 1-5-4-
5). As the trip progresses and capacity is consumed, the depot attraction rises sharply, eventually
overtaking the edge attraction. This crossover point (marked by the vertical line) forces the
vehicle to return to node 1 to terminate the trip safely.

The construction loop continues until no feasible neighbors exist=(p, Algorithm 16,
Line 24), indicating the vehicle is operationally boxed in. Finally, the trip is closed using the
FINISHTRIPTODEPOT procedure (Algorithm 17). A standard greedy approach would simply
route the vehicle to the nearest depot to end the trip. However, such a myopic decision can lead
to poor positioning for the subsequent trip to traverse remaining required edges. To address this,

the procedure evaluates all reachable depots d; 2Ml selects the destinationtthat minimizes
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Algorithm 17 Finish Trip To Depot

1: procedure FINISHTRIPTODEPOT( ; Ni; Erem)
2: u [end];d 5SS mn Lip X

3 foralld 2 N 4 do

4 Pod SHORTESTPATH(U;d);t o TRIPTIME(P t0.d)
5: thext  LOOKAHEAD(d;E (em;Ng)

6: S t todttnext
7-

8

9

Smin  S;d d;p P tod

: end if
10: end for
11: ifd =;then
12: p SHORTESTPATHTONEARESTDEPOT(U; Ng)
13: end if
14: +p
15: return

16: end procedure

the combined cost S:

S =ty g+ LOOKAHEAD(d; E tem; Ng) 4.2)

Here, t, g4 is the travel time to reach depot d, and the look-ahead term estimates the cost to reach
the nearest unserviced required edge in the next trip starting from d. By minimizing this sum, the

algorithm balances immediate ef ciency with future strategic positioning.

4.3.6 Benchmark Strategy: Reactive Simulated Annealing

To rigorously evaluate the proposed two-stage reactive framework, we employ a reactive vari-
ant of the Simulated Annealing (SA) metaheuristic. This choice is based on comparative studies
on the static MD-RPP-RRV (Chapter 3), where SA demonstrated a superior balance between so-
lution quality and computational ef ciency compared to population-based methods like genetic

algorithms. While alternative metaheuristics can achieve high solution quality, their computa-
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tional overhead renders them unsuitable for the time-critical requirements of dynamic reschedul-
ing. Consequently, SA serves as the requisite state-of-the-art baseline for real-time mission re-
covery, treating every vehicle failure as a trigger for a global re-optimization of the remaining
mission. The structure of this reactive protocol is visualized in Figure 4.6.

The procedure operates within the simulation environment described in Algorithm 10. When
a vehicle failure is detected at time t =f the system halts operations. The current state of
the eet, including the locations of active vehicles and unserviced required edges, is extracted to
de ne a new static routing problem. The SA metaheuristic is then invoked to solve this residual
problem.

To mitigate the inherent stochasticity of the annealing process, the re-optimization employs
the parallelized search strategy illustrated in the dashed section of Figure 4.6. At each failure
event, the algorithm executes independent optimization trials. The solution yielding the mini-

mum mission time among these trials is selected as the updated eet schedule. Furthermore, to

Figure 4.6: Schematic of the Reactive Simulated Annealing RSA benchmark strategy. The upper
section illustrates the outer loop of independent simulation replications, with dynamic failure
events occurring at times t =4 f,. The lower section (dashed red box) details the reactive
response mechanism triggered at each failyrete current eet state is extracted, and inde-
pendent SA runs is executed in parallel. The best-performing route among these runs is selected
to update the schedule for the remainder of the mission.
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account for variance across different failure sequences, the entire simulation from start to nish
is wrapped in an outer loop and replicated times. This dual-layer redundancy ensures that the

reported results re ect the robust capability of the SA approach rather than statistical outliers.

4.4 Results

This section describes the benchmark instances adapted from the literature for failure sce-
nario creation, details the experimental design used to evaluate the proposed reactive framework,
and presents a comparative analysis of its performance against the reactive simulated annealing

metaheuristic described in Section 4.3.6.

4.4.1 Instance Generation Process

We generated 77 MD-RPP-RRYV instances derived from standard CARP benchmarks: gdb
[79], bccm [86], and eglese [87, 88]. For each instance, we randomly designated half of the edges
as required edges. We selected a subset of nodes as depots such that every depot lies within a
capacity-feasible shortest-path distance C of at least one other depot. The process assigns exactly
one vehicle to each depot. To standardize the parameters, we set the vehicle capacity C to twice

the maximum edge weight and the recharge time®&twice the vehicle capacity.

4.4.1.1 Failure Scenario Creation

We utilized the CFS procedure (Algorithm 18) to generate 257 distinct failure scenarios.
Each scenario is de ned by three components: the number of vehicle failures jFj, the specic

set of failed vehicles F, and their respective failure timgsTo ensure mission feasibility while
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Table 4.2: Failure Scenarios Information

Instance  Number of Nodes Edges Numberof Numberof 9% Average of % Average Failures

Name failure range Range depots vehicles  required edges of depots range
scenarios range range in edges in nodes
GDB 37 7-13  19-44 2-5 2-5 50.6% 25% 1-4
BCCM 108 24-50 24-97 4-10 4-10 50.5% 18% 1-6
EGLESE 112 77-140 98-190 9-12 9-12 50% 11% 1-6

simulating realistic high-impact disruptions, the number of failures is constrained to a maximum
of min(F max; K 1). This upper bound Fn,ax = 6 prevents the generation of statistically im-
probable total eet collapse scenarios in large instances.

The creation process begins by selecting a random integer number of failures (Line 2). The
procedure then iteratively samples distinct vehicles to populate the failure set F (Line 4). To
determine realistic failure times, we rst execute the simulated annealing baseline to obtain the
scheduled maximum trip timeyfor each vehicle (Line 5). The speci ¢ failure timg ffor a
vehicle k 2 F is then drawn uniformly from the interval [k]y(Line 6). Table 4.2 summa-
rizes the characteristics of the generated failure scenarios. The following subsection provides the

experimentation details.

Algorithm 18 Create Failure Scenarios
1: procedure CFS(G; N;;K;nk ; ¥k ;Eu; RT;C; Frmax)
2: S ;7 N max UNIFORMINT(L; min(F max;K 1))
3 fOl‘j=1!N max do
4; F RANDOMSUBSET(f1;:::;Kg;j) . Select j distinct vehicles
5: Pc:yk SA(GN ¢ Kink;yk;Eu;RT;C)
6
7
8
9

fk fk 7' UNIFORMINT(L;Y k) jk2Fg . Assign failure times
S S[f(F:f g
end for
return S
10: end procedure
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4.4.2 Experimentation

This section describes the experiments conducted to evaluate the proposed two-stage reac-
tive framework. We assess the performance of our approach by comparing its solution quality
and computational ef ciency against the reactive SA metaheuristic baseline described in Section
4.3.6. The experiments were performed on an AMD EPYC 7763 64-core Processor with 128
physical cores, 128 logical processors, and 8 CPU cores. Up to 32 threads were utilized, and
8 GB of memory was allocated to each CPU core. The instances and failure scenarios can be
accessed using the GitHub repository from here.

Table 4.3 summarizes the algorithmic settings used in this evaluation. The speci c parameter
values for the peer auction were established via the sensitivity analysis in Section 4.4.3, while the

simulated annealing parameters follow the optimal con guration reported by [74].

4.4.2.1 GDB Failure Scenario Results

This section analyzes the performance of the proposed framework on the GDB dataset, which
comprises 37 failure scenarios generated from 19 small-scale instances. The comprehensive

tabular results for all scenarios are provided in Table B.2 of the Appendix B.

Table 4.3: Con guration of tunable algorithmic parameters

Algorithm  Parameter (Symbol) Value

CA Initial Radius (), Step (1) C

PA Window Size (W) 2
Comp. Budget (L) 20
Max Rounds (R) 10

SA Trials (), Simulations () 10
Cooling Rate () 0.99
Iterations 1000
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Figure 4.7: Cumulative distribution of the performance gap for GDB instances. The plot il-
lustrates the improvement of the two-stage framework (CA+PA) over the baseline CA and its
competitiveness against the SA benchmark distribution.

We rst evaluate the solution quality (lower mission time) of the two-stage framework (CA+PA)
relative to the centralized auction (CA) and the simulated annealing (SA) benchmark. Figure 4.7
presents the cumulative distribution of the performance gap. The proposed peer auction re ne-
ment successfully improved the solution quality over the centralized baseline in 13 out of 37
instances (35.1%). While the average improvement across the entire dataset was 4.91%, the
magnitude of improvement in those speci ¢ instances where the peer auction was effective was
signi cant, averaging 14.30%. When compared against the SA benchmark, the CA+PA frame-
work outperformed the SA mean result in 11 instances (29.7%) and the SA worst-case result in
14 instances (37.8%). However, given the small size of the GDB instances, the metaheuristic was
able to converge to high-quality solutions, and the proposed heuristic framework did not surpass
the SA best-found solution in any scenario.

The inability of the peer auction to improve the centralized solution in the remaining 65%
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of cases is explained by the eet characteristics of the GDB dataset. As shown in Figure 4.8, a
large portion of these scenarios resulted in a single active vehicle remaining after failures. The
peer auction mechanism relies on negotiation between at least two vehicles to exchange tasks
and balance workloads. As outlined in the framework overview (Figure 4.2), when the eet is
reduced to a single agent, the peer negotiation phase is bypassed, and the system relies solely on
the Magnetic Field Router to locally optimize the single route. In these small, tightly constrained
topologies, the greedy insertion performed by the centralized auction often constructs a route that
leaves minimal room for further single-vehicle optimization, resulting in no net improvement for
those speci c instances.

While the solution quality on small instances is comparable to the metaheuristic baseline,
the proposed framework demonstrates a decisive advantage in computational ef ciency. Figure
4.9 compares the execution times of the three approaches on a logarithmic scale. The reactive
SA benchmark required an average of 142.80 seconds (median 111.9 seconds) to re-optimize a
scenario. In contrast, the complete two-stage CA+PA framework required an average of only

0.02 seconds (median 0.004 seconds). The centralized auction alone is even faster, averaging

Figure 4.8: Performance discrepancy analysis for GDB instances. The lack of improvement in
many scenarios correlates with instances where only a single vehicle remained active, precluding
the use of peer negotiation.

95



Figure 4.9: Log-scale boxplot comparison of execution times for GDB scenarios. The proposed
CA+PA framework delivers solutions orders of magnitude faster than the SA benchmark, with
median times in the millisecond range.

0.0051 seconds. This represents a speedup factor of approximately 7000 times, validating the
framework’s suitability for real-time responsiveness.

To further assess whether the observed differences in mission time across methods are statisti-
cally meaningful, a two-sample Kolmogorov—Smirnov (KS) test is performed. The KS test com-
pares the empirical distributions of mission time without assuming any underlying distribution,
allowing us to evaluate whether the methods produce signi cantly different solution qualities.

The results, presented in Appendix B Table B.10, show that all pairwise comparisons yield
p > 0:05, indicating no statistically signi cant differences between CA, PA, and the SA mean,
best and worst results. This suggests that the proposed auction-based methods achieve solution
quality comparable to the computationally expensive SA baseline.

In summary, the GDB results establish that the proposed framework is exceptionally fast and
capable of improving greedy solutions when eet interactions are possible. However, the small

scale of these instances limits the potential for complex route improvements. The computational
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Figure 4.10: Cumulative distribution of the performance gap for BCCM instances. The high
percentage of improved instances (88%) demonstrates the effectiveness of the peer auction in
medium-scale scenarios compared to the GDB dataset.

advantages and solution quality gains become more pronounced in larger, more complex scenar-

i0s, as discussed in the following subsections on the BCCM and EGLESE datasets.

4.4.2.2 BCCM Failure Scenario Results

This section evaluates the proposed framework on the BCCM dataset, which represents medium-
scale complexity with 108 failure scenarios generated from 34 instances. Unlike the smaller GDB
instances, these scenarios typically involve 4 to 10 vehicles and a larger number of depots (Table
4.2), creating a richer solution space for the peer auction's negotiation mechanisms. The detailed
results for all scenarios are listed in Tables B.3 and B.4 of the Appendix B.

We rst analyze the solution quality improvement of the two-stage framework (CA+PA) com-
pared to the baselines. Figure 4.10 displays the cumulative distribution of the performance gap.

In stark contrast to the GDB results, the peer auction re nement demonstrated high effectiveness,
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improving upon the centralized auction's baseline in 92 out of 108 instances (85.2%). The magni-
tude of this improvement is substantial: the average reduction in mission time across all instances
was 14.66%, rising to 17.66% for the subset of improved instances. This con rms that as prob-
lem scale and eet size increase, the local repair and negotiation mechanisms of the peer auction
become critical for untangling the suboptimal assignments made by the greedy centralized stage.

The framework also shows strong competitiveness against the reactive SA benchmark. The
CA+PA solution outperformed the SA mean result in 67 instances (62.0%) and the SA worst-case
resultin 95 instances (88.0%), with an average improvement of 16.25% over the latter. While the
metaheuristic's best-found solution (from trials) still held the edge in the majority of cases, the
proposed framework beat the SA-Best in 30 instances (27.8%). This indicates that for medium-
scale problems, the heuristic repair is often capable of nding solutions that rival computationally
intensive metaheuristics.

The trade-off for this increased solution quality is a moderate increase in computational ef-

Figure 4.11: Log-scale boxplot comparison of execution times for BCCM scenarios. While
the peer auction adds computational cost compared to the centralized baseline (median 4.27s vs
0.014s), it remains orders of magnitude faster than the SA benchmark (median 1090s).
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fort compared to the centralized auction alone. Figure 4.11 illustrates the execution times on a
logarithmic scale. The addition of the peer auction phase increased the average execution time
from 0.0189 seconds (CA only) to 9.85 seconds (CA+PA). However, the median execution time
for the full framework remains low at 4.27 seconds. In comparison, the reactive SA benchmark is
computationally prohibitive for real-time applications, with an average execution time of 1418.54
seconds (approx. 24 minutes) and a median of 1090.1 seconds. Further statistical analysis using
the KS test (Appendix B) con rms that the proposed auction-based methods achieve solution
quality comparable to SA, while also revealing higher variability in SA performance.

In summary, the BCCM results highlight the scalability of the proposed framework. While
the peer auction adds a computational cost of several seconds, it delivers a 14% average im-
provement in solution quality over the greedy baseline and offers a viable real-time alternative to

metaheuristics, which require orders of magnitude more time to achieve comparable results.

Figure 4.12: Cumulative distribution of the performance gap for EGLESE instances. The frame-
work demonstrates robust performance on large-scale networks, improving upon the centralized
baseline in nearly 80% of scenarios.
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4.4.2.3 EGLESE Failure Scenario Results

This section analyzes the performance of the proposed framework on the EGLESE dataset,
which comprises 112 failure scenarios generated from 24 large-scale instances. These scenarios
involve networks with up to 140 nodes and 190 edges, serviced by eets of 9 to 12 vehicles (Table
4.2). This dataset represents the most complex operational environment tested, pushing the limits
of coordination and routing ef ciency. The complete tabular results for all scenarios are provided
in Tables B.5 and B.6 of the Appendix B.

Evaluating solution quality, the two-stage framework (CA+PA) continues to demonstrate ro-
bust performance on these large networks. Figure 4.12 illustrates the cumulative distribution of
the performance gap. Similar to the BCCM results, the peer auction re nement proved highly
effective, improving upon the centralized auction's baseline in 89 out of 112 instances (79.5%).
The average improvement across all instances was 12.64%, increasing to 17.42% for the subset
of improved instances. This consistent performance on large-scale networks con rms the robust-
ness of the magnetic eld router and negotiation protocols in handling complex, high-density
routing problems.

The comparison against the reactive SA benchmark further underscores the framework'’s ca-
pability. The CA+PA solution outperformed the SA mean result in 66 instances (58.9%) and the
SA worst-case result in 105 instances (93.8%), with an average improvement of 17.45% over the
latter. Even against the SA best-found solution (the minimum of trials), the heuristic frame-
work achieved a lower mission time in 32 instances (28.6%). These results indicate that for
large-scale logistics, the proposed auction-based repair is not only feasible but often superior to

metaheuristics that may struggle to converge within practical time limits.
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Figure 4.13: Log-scale boxplot comparison of execution times for EGLESE scenarios. The

CA+PA framework delivers high-quality solutions in minutes (median 49.79s), whereas the SA

benchmark requires nearly an hour (median 2856.6s), highlighting the scalability of the proposed
approach.

The computational advantage of the proposed framework is most evident on these large in-
stances. Figure 4.13 compares the execution times on a logarithmic scale. While the peer auction
increases the computational load compared to the centralized baseline (raising the average time
from 0.09 seconds to 188.37 seconds), it remains a viable option for operations where a decision
is needed within minutes. In contrast, the reactive SA benchmark becomes effectively unusable
for real-time recovery, with an average execution time of 3754.57 seconds (over an hour) and
a median of 2856.6 seconds. Further statistical analysis using the Kolmogorov—Smirnov (KS)
test (Appendix C) reveals that, on the larger EGLESE instances, SA exhibits increased variabil-
ity in mission time, while CA and PA maintain more consistent performance. The two-stage
framework provides a critical balance, delivering solution quality comparable to hour-long meta-

heuristic runs in under a few minutes.
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4.4.3 Sensitivity analysis

To ensure the proposed peer auction framework generalizes across diverse topologies, we
performed a rigorous sensitivity analysis on a calibration set comprising six representative in-
stances from the GDB, BCCM, and EGLESE datasets. We conducted a full grid search over
the core algorithm parameters: window size W 2 f1; 2; 3; 4; 59 and computational budget L 2
f5; 10; 20; 40; 60g, resulting in 25 distinct parameter combinations per instance. For each run,
the maximum rounds were bounded at R = 20; however, the auction terminates early if no im-
provement in solution quality is observed (Algorithm 12). We recorded the nal round count to
determine a suf cient convergence limit for the general case.

To evaluate the trade-offs, we computed relative performance metrics for each parameter pair
(W;L). The average best solution gap {,,) measures the deviation of the current solution

quality S, from the best solution 3¢; found across all 25 combinations, calculated as:

— Scurr S best 100 (4.3)

a
gap Sbest

Similarly, the normalized execution time(J, ) compares the current runtimg against the

fastest execution time kg, observed in the set:

_ Ecurr

Tnorm - E ]
min

1 (4.4)

In our analysis, values are averaged to isolate the marginal effect of each parameter. For exam-

ple, when analyzing W, the reported metrics are averages over all ve values of L, and conversely
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for the analysis of L. We performed this sensitivity analysis on six instances, comprising two ran-
domly selected from the upper and lower halves of the GDB, BCCM, and EGLESE datasets in
order to examine the consistency of observed trends as instance size increases (Supplementary
Material Tables S7 (GDB), S8 (BCCM), and S9 (EGLESE)). For clarity, Figures 4.14 and 4.15
display results for a single instance per dataset, as the trends were consistent in all tested cases.

Figure 4.14 illustrates the sensitivity of the average best solution gap to the computational
budget L. The results show that the gap stabilizes at L = 20 for the GDB and BCCM datasets
and L = 10 for EGLESE. Increasing the budget beyond these saturation points yields diminishing
returns, increasing execution time without improving the solution quality.

Figure 4.15 demonstrates the impact of the window size W . A critical trade-off occurs when
shifting from W = 1 to W = 2, which provides the primary reduction in the average best
solution gap. While W 3 offers theoretical improvements, the normalized execution time
grows disproportionately. Consequently, we selected W = 2 as our choice. Finally, regarding
convergence, empirical data indicated that the auction consistently stabilizes within 3 to 6 rounds.

To provide a conservative safety margin, we set the nal parameter con gurationtofW =2;L =

Figure 4.14: Sensitivity analysis of computational budget L on instances (a) gdb.13, (b)
bcecm.105, and (c) eglese.10. Plots display the trade-off between best solution gap and
normalized execution time, averaged across window sizes W 2 [1;5]. Rectangles in black mark
the saturation point (L = 10 or 20) where solution quality stabilizes, indicating diminishing re-
turns for higher budgets.
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Figure 4.15: Impact of maximum window size W on performance for instances (a) gdb.13, (b)
bcecm. 105, and (c) eglese.10, averaged across budgets L 2 [5;60]. The boxed selection

W = 2 identi es the critical trade-off point: it secures the primary reduction in best soltuion
gap (dotted green) with a manageable increase in execution time compared to W = 1, whereas
W  3incurs increased computational costs for negligible further gains on solution quality.

20; R = 10g for the full benchmark suite.

4.4.4 Effectiveness of Magnetic Field Router

This section evaluates the standalone contribution of the magnetic eld router in improving
solution quality. Although the router functions as the underlying local search mechanism within
the peer auction for multi-vehicle eets, quantifying its individual impact is dif cult during coop-
erative exchanges. Therefore, we focus on speci c instances from the GDB and BCCM datasets
(Multiple vehicles remain in EGLESE instances in all failure scenarios, so not considered) where
only a single vehicle remains active. In these scenarios, the peer auction phase is operationally
bypassed as it requires at least two vehicles (Figure 4.2). This isolation allows us to strictly mea-
sure the router's ability to optimize baseline routes generated by the centralized auction without
the confounding effects of peer-to-peer trading, as initially discussed in Section 4.4.2.1.

To measure effectiveness, we compare the maximum trip time of the route optimized by the

magnetic eld router (Tirr ) against the baseline trip time returned by the centralized auction
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(Toase)- The percentage improvement is de ned as:

Improvement (%) =Tbase_rﬂ 100 (4.5)
base

Figure 4.16 presents the improvement metrics for instances where the router successfully
optimized the route. For the GDB dataset (29 single-vehicle instances), the router improved the
solution in 9 cases. In these active instances, it achieved an average improvement of 14.02%,
with a maximum reduction in maximum trip time of 36.96%. Similarly, for the BCCM dataset
(21 single-venhicle instances), the router improved 7 cases, yielding an average improvement of
10.53% and a maximum of 14.55%.

These results demonstrate that, although the centralized auction provides a suf cient solu-
tion in simple topologies, the magnetic eld router is essential for local repair in more complex
scenarios. By constructing the route through its convex scoring function, the router proves effec-
tive in recovering signi cant performance gains that would otherwise be lost in the absence of a

multi-vehicle peer auction.

Figure 4.16: Percentage reduction in maximum trip time achieved by the magnetic eld router
in single-vehicle scenarios for (a) GDB instances and (b) BCCM instances. The plots highlight
speci ¢ cases where the router successfully optimized the baseline centralized route, recovering
signi cant performance gains without peer auction intervention.
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4.4.5 Theoretical Performance Bound

We rigorously assessed the ef ciency of the proposed reactive framework by analyzing the
performance deviation of the centralized auction relative to an of ine optimal solution. We fo-
cused on the centralized auction because it establishes the foundational feasible solution with a
provable upper bound on the rescheduling cost.

Let ca denote the mission time produced by the centralized auction, gag denote
the mission time achieved by an of ine optimal solver with perfect foreknowledge of failure
times and locations. Since the of ine solver utilizes failing vehicles until the exact moment of
failure, whereas the online algorithm must reactively reassign work, any online strategy satis es

CA OPT; -

The performance gap is driven by the rescheduling penalty, de ned as the unavoidable dead-
head and recharge time required to reach the site of a failure. In Appendix B, we provide a
detailed derivation demonstrating that the worst-case mission time is bounded additively by the

vehicle's physical constraints rather than the total mission duration:

CA opT; +2JJ tai [C+R7) (4.6)

Here, jJs4i ] is the number of reassigned trips, C is the battery capacity, and Re recharge
time. The factor 2(C + R) represents the maximum rescheduling cost to traverse the graph
to a failure location and return to a depot. We present this as an additive deviation because
the cost of reaching a failure is xed. In scenarios where the optimal mission tispe, is

short, a standard multiplicative competitive ratio would become arbitrarily large due to a small
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denominator, rendering it a poor metric for stability. A full proof, along with a visual analysis
of the best-case and worst-case relocation scenarios (Figure B.1), is provided in the Appendix B

(Section B.2).

4.4.6 Computational Complexity of Reactive Framework

The computational complexity of the proposed reactive framework is derived by aggregating
the operational costs of the centralized auction and the peer auction re nement. The centralized
auction achieves a complexity of O(K(jij+ D=r)), scaling linearly with the eet size K to
ensure immediate feasibility. The subsequent peer auction utilizes a computational budget L to
bound the search space of route exchanges, resulting in a complexity dominated by the routing
operations within the iterative improvement loop. Combining these stages, the total complexity
iSO(K(N 4j+D=r)+R(M  2WZ2+L JE \emj deg(G))). By xing the window size W and the
computational budget L, the framework effectively transforms the re-optimization problem into
a polynomial-time heuristic operation, guaranteeing predictable scalability for large instances. A
detailed derivation of this complexity analysis, including the breakdown of the trip generation

and magnetic eld routing procedures, is provided in the Appendix B (Section B.3).

4.5 Conclusions

This chapter addressed the challenge of maintaining mission feasibility in the MD-RPP-RRV
under stochastic vehicle failures. A two stage reactive framework was developed that combines a
centralized auction for rapid task reallocation with a peer auction based on a magnetic eld router

for local schedule repair. The centralized stage provides fast recovery following vehicle failures,
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while the peer auction re nes the solution to improve overall mission time. A theoretical analysis
established a worst case additive performance bound for the centralized auction, demonstrating
that the rescheduling penalty is fundamentally constrained by the vehicle battery capacity and
recharge time.

Computational experiments showed that the proposed framework achieves a favorable bal-
ance between solution quality and computational ef ciency. Across 257 failure scenarios, the
framework maintained solution quality within 8% of the best reactive simulated annealing results
while reducing average computational runtime by more than 95 percent, often decreasing execu-
tion time from hours to minutes or seconds. By appropriately tuning the peer auction parameters,
the method avoids combinatorial growth and remains tractable for large scale instances. These
results demonstrate that targeted local repair mechanisms can effectively replace repeated global
reoptimization in dynamic routing environments with vehicle disruptions.

While this chapter focused on restoring feasibility after unexpected failures, real world in-
spection missions also involve time varying and uncertain service requirements that evolve dur-
ing operation. The next chapter extends the MD-RPP-RRV to a closed loop setting by integrating
prediction mechanisms for time varying required edges with routing decisions to support persis-

tent monitoring over a nite planning horizon.
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Chapter 5: Periodic Multi-Depot Rural Postman Problem with Rechargeable

and Reusable Vehicles with Uncertain Edges

This chapter addresses the third research question (RQ3) introduced in Chapter 1, which
focuses on integrating prediction mechanisms with routing algorithms to inspect time-varying
uncertain edges over a nite planning horizon. Building upon the deterministic routing and dy-
namic failure rescheduling frameworks developed in Chapters 3 and 4, this chapter extends the
MD-RPP-RRV to environments where the required edges are not known deterministically prior
to execution. By replacing static edge requirements with dynamic, probabilistic hazard forecasts,
this chapter develops a comprehensive closed-loop framework that continuously adapts inspec-
tion routes to maximize the coverage of high probability hazardous road segments.

The chapter is organized as follows. Section 5.1 provides the motivation for incorporating
time-varying environmental uncertainties into the MD-RPP-RRV and outlines the critical need
for predictive routing strategies. Section 5.2 presents the operational assumptions and formally
de nes the periodic routing problem with uncertain edges, detailing how probabilistic forecasts
are utilized to determine which edges become required for inspection. Section 5.3 introduces the
proposed closed-loop predictive routing framework, comprehensively describing both the Tem-
poral Graph Neural Network utilized to forecast edge-level hazard probabilities and the memory-

augmented Simulated Annealing routing algorithms designed to maximize the discovery of these
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dynamic hazards. Section 5.4 presents a rigorous experimental evaluation, demonstrating the
computational ef ciency of the routing module on synthetic graphs before validating the pre-
dictive accuracy and operational adaptability of the fully integrated framework on real-world
transportation networks under severe winter weather scenarios. Finally, Section 5.5 summarizes

the ndings and concludes the chapter.

5.1 Introduction

As established in Chapter 1, relying exclusively on static historical data or preliminary expert
opinion is insuf cient for managing the dynamic conditions of winter road maintenance. Within
the modeled transportation network, a hazardous road segment, or hazardous edge, is explicitly
de ned as a speci c route link that has the potential to develop dangerous winter conditions,
such as ice formation, that necessitate visual veri cation. Because these speci ¢ road conditions
evolve rapidly due to shifting weather patterns and temperature uctuations, the exact set of
hazardous edges requiring inspection cannot be known with certainty prior to mission execution.
This stochasticity necessitates a shift from the deterministic routing frameworks developed in
the previous chapters toward an adaptive planning approach. To effectively manage these time-
varying environmental uncertainties, the routing system must dynamically integrate incoming
weather forecasts to continuously update the likelihood of ice formation across the transportation
network.

This chapter presents a comprehensive closed-loop framework that directly couples machine
learning-based hazard prediction with multi-depot arc routing. Instead of assuming a xed set of

required edges, the proposed approach treats the network state probabilistically. Machine learn-
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ing models are utilized to process atmospheric data and generate time-varying hazard probabili-
ties for speci ¢ road segments. Because the eet of UAVs is constrained by strict battery limits
and cannot inspect every possible edge, these dynamically updated probabilities must drive the
routing decisions. The routing algorithms are designed to prioritize the selection and traversal
of edges with the highest likelihood of hazard, thereby maximizing the discovery of actual icy
conditions within the available operational capacity. Because both hazard predictions and routing
decisions are updated over discrete time intervals, computational performance must be assessed
relative to the length of each interval to ensure that prediction and re-optimization can be com-
pleted before the next network update.

To construct this integrated predictive routing system, it is necessary to rst translate these
time-varying uncertainties and physical eet constraints into a formal mathematical structure.
The following section outlines the core operational assumptions and formally de nes the periodic
routing problem with uncertain edges. Speci cally, it introduces a mathematical formulation that
shifts the core objective from traditional cost minimization to maximizing the expected discovery
of hazardous segments within discrete time intervals. This formulation establishes the critical
link between the dynamically updating hazard probabilities and the physical constraints of the
autonomous eet, providing the necessary foundation for the subsequent development of the

machine learning models and adaptive routing methodologies.

5.2 Problem Formulation and Assumptions

This section details the formal mathematical model for the periodic MD-RPP-RRV with un-

certain edges. It outlines the assumptions required for the MILP formulation, building upon the
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deterministic framework previously established in Chapter 3.

5.2.1 Assumptions

The operational assumptions for this predictive routing problem closely follow those estab-
lished in Section 3.2 of Chapter 3, including the rules governing constant vehicle speed, identical
battery capacities, mandatory depot starting locations, and uniform recharging times. However, to
accommodate the dynamically changing environment and isolate the predictive routing behavior,

we introduce the following new assumptions for this formulation:

1. The operational capabilities of the unmanned aerial vehicles, including their ight speed
and battery discharge rates, are assumed to be completely unaffected by the varying envi-

ronmental weather conditions they are monitoring.

2. Stochastic vehicle failures, which were the primary focus of Chapter 4, are assumed not
to occur in this framework. The entire eet remains fully operational throughout the nite

planning horizon.

5.2.2 Mathematical Formulation

Let G = (N; E) be the undirected weighted connected graph modeling the road network,
where N is the set of nodes (road intersections) and E is the set of edges representing road
segments. Let t(i; ) be the constant time required for a vehicle to traverse edge (i;j) 2 E. The
set of depots where vehicles can start, stop, or recharge is denoted y.NL.et K denote the
number of homogeneous vehicles, C the maximum operational time capacity of a fully charged

vehicle, and R the mandatory battery recharge time. To bound the problem, we establish an
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integer limit on the permitted number of trips each vehicle can perform within the planning
interval Ty, . This integer limit, denoted by F, is setto F = (I=(C + R1)), which represents
the number of trips a vehicle would complete if every trip utilized the maximum operational
capacity before requiring a recharge.

To model the periodic nature of the problem, the total time horizon T is divided ipto=N
T=Tix time intervals, where each interval igTtime units long. Let p(i;j) be the probability

that edge (i;)) 2 E is hazardous during the current time interval. This probability is derived from

state incorporates local weather forecast features collected speci cally at the endpoint nodes i and
J, including temperature, dew point, relative humidity, precipitation, rain, snowfall, wind speed,
shortwave radiation, and cloud cover, alongside historical data from previously inspected edges
and the ground truth states of nodes i and j from the previous interval.

To formulate this dynamic routing objective into a MILP, the original decision variables from
Chapter 3 are utilized: x(k;f;i;j) tracks edge traversal, y(k;f; d) tracks depot returns, and
z(k; f) tracks trip usage. To handle the probabilistic rewards, two new binary decision variables

are introduced:

1. c(k;i;j) = 1if vehicle k traverses edge (i;]) in either direction during any of its trips, and

0 otherwise.

2. u(i;j) = 1if edge (i;)) is traversed by at least one vehicle in the eet, and O otherwise.

The MILP formulation for optimizing routes within a single time interval is given below:
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max p(; )Hudi; j) (5.1)

(i:))2E
subJ(ect to:
x(k;1;B(k);j)) =z(k;1); k=1;:5K (5.2)
(B(k):j)2E
z(§<(;f) z(k;f+1) 0; k=1;:;K; f=1;u5F 1 (5.3)
x(k;f;i;d) =y(k; f;d); k=1;:5K; f=1;:5F (5.4)
(i;d)2E;
d2N 4 X
y(k;f 1;d) x(k;f;d;j); k=21;:5K, f=2;00F, d2N 0 ¢ (5.5)
X (dij)2E
z(k;f) yk;f;d)=0; k=1;:;K; f=1;:5F (5.6)
d2N ¢4 0 1
x X
x(GHipti)+ @ z(kif) 1 ARy Tim; k=1;:5K (5.7)
f=>1( (izj)2E f=1
x(k; it )) C; k=1;:5K; f=1;u5F (5.8)
(i5i)2E
X
x(k; f;i;)) x(k;f;i;)) =0; k=1;:5K; f=1;:5F (5.9)
(i)2E; (i:)2E;
i2N ¢ X j2N ¢
x(k; ;05 ) x(k;f;j;1)=0; k=1;:5K; f=1;:5F i2NnN d (5.10)
j2N j2N
X
(x(k; f;i;)) + x(k; f; ;1) ck;izj); k=1;::5K; (i) 2E (5.11)
f=1
X
u(i; j) ck;i;j); (;)2E (5.12)
k=1
x(k;f;i;)) jSj 1, k=1;::;K; f=1;:::;F; S N; S\N d=: (5.13)
(i:))2E(S)
x(k;f;i;))210;1g; k=21;::;K; f=21;::0F; (i) 2E
y(k;f;d)2f0;1g; k=1;::;K f=21;::0F;, d2N 4

z(k;f)210;1g; k=1;::;K; f=1;:::;F
ck;i;j)2f0;1g9; k=1;:::;K; (i;)) 2E
u@i;j) 20;1g; (i) 2E

The objective function (5.1) represents a fundamental shift from the formulation presented

in Chapter 3. Instead of minimizing the maximum time spent by all vehicles to cover a static
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set of required edges known beforehand, the objective now maximizes the expected number of
hazardous edges discovered. This is achieved by maximizing the sum of the hazard probabilities
p(i; j) for all successfully traversed edges u(i; j).

Constraints (5.2) through (5.6) and (5.8) through (5.10) enforce the core logistical require-
ments of the MD-RPP-RRYV, identical to those detailed in Section 3.2. These guarantee proper
trip initiation from depots, continuous ow, valid depot returns, and adherence to strict individual
vehicle battery capacities.

Constraint (5.7) modi es the previous formulation to ensure that the total operational time
for any individual vehicle, including the required recharge time between trips, does not exceed
the allotted time interval jf;. This strict upper bound maintains the periodic structure of the
predictive framework. Constraints (5.11) and (5.12) link the routing variables to the reward
variables. Speci cally, constraint (5.11) ensures that a vehicle is credited with traversing an edge
c(k;i;j) only if it physically routes across it during any trip, while constraint (5.12) activates the
global coverage variable u(i; j) only if at least one vehicle in the eet inspects that edge. Finally,
constraint (5.13) replaces the subtour elimination constraint used in Chapter 3. This simpli ed
formulation ef ciently prevents disconnected cyclic routes among non-depot nodes S by strictly
limiting the number of internal edges a vehicle can traverse relative to the number of nodes in
that subset.

With this mathematical foundation established, the following section introduces the com-
prehensive closed-loop prediction and routing framework, detailing the methodologies used to
generate the time-varying hazard probabilities and dynamically optimize the eet's inspection

routes.
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Table 5.1: Nomenclature of key variables for the predictive routing framework

Symbol \ Description
General Network & Operational Parameters
G=(N;E) Road network graph with intersection nodes N and road segment edges E
t(i; ) Constant travel time required to traverse edge (i; )
Ng Set of available depot nodes {N N)
n Discrete routing time interval index
Tint Duration of a single nite routing interval
p(i;j) or p(e) Predicted hazard probability (e.g., ice formation) on edge (i; j)
Prediction Module (Temporal Graph Neural Network)

Ly () Weather forecasts and historical ground truth state at interval n
S Historical time step lag period
M Number of distinct input features
X Sequential feature matrix for node i (2R )
Xiit Input feature vector for node i at time step t
h:; ¢ Hidden and cell states
Zift GRU update and reset gates
i fe o LSTM input, forget, and output gates
W;U;b Learnable weights and biases
D Hidden embedding dimension
hi(" Node embedding at GNN layer |
N (i) Neighbor set of node i

i(j') Attention coef cient in GAT
Zw) Edge representation vector
Y Raw MLP logit
Yuv) Ground truth label
! Class weight
L Weighted BCE loss

Routing Module (Simulated Annealing & PMFR)

K Number of UAVs
C Battery capacity
R+ Recharge time
F Max trips per interval

Py c Edge allocations
P Vehicle routes
Tmax ; Tmin SA temperature bounds
C Cooling rate
f Objective score
S(v;e) PMFR scoring function
Weap Battery usage fraction
P;D Attraction terms
dy Distance to nearest depot
Ts:Cs E Cached trip attributes
M Memory bank
Nseen: Nacc Usage counts
Reur ; Ravg Reward densities
U(Ts) Trip utility score
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5.3 Proposed Approach

To solve the periodic MD-RPP-RRV with uncertain edges formulated in the previous section,
this section proposes a comprehensive closed-loop predictive routing framework. This approach
directly integrates a machine learning-based prediction module with a dynamic arc routing mod-
ule to continuously process incoming meteorological data and adapt inspection schedules over
the nite routing horizon. The following subsection provides a high-level overview of this in-
tegrated framework, illustrating how information is cyclically exchanged between the predition
and routing components. Subsequent sections will then detail the speci ¢ methodologies and

algorithms developed for the individual prediction and routing components.

5.3.1 Overview of the Framework

The proposed framework operates as a continuous closed loop, executing a cyclical exchange
of information among the actual road network, the prediction module, and the routing module
at each discrete time interval. To provide a comprehensive mathematical foundation for this
process, Table 5.1 speci es all the key variables and operational parameters utilized throughout
both the prediction and routing modules. Figure 5.1 illustrates the architectural ow of this
system for a given time interval n. At the beginning of the planning and routing phase, the system
receives two primary inputs. The rst is the static transportation network graph G = (N;E),
which includes constant travel times t(i;j) and the speci ed depot locations Nhe second
input consists of the dynamically updating weather forecast featyge¢n). The prediction
module ingests this atmospheric data and combines it with historical observations to compute the

expected probability of ice formation p(i; j) for every edge in the network.
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Figure 5.1: Overview of the closed-loop predictive routing framework illustrating the ow of
information for time interval n.

This predictive computation transforms the standard road network into a probabilistic graph,
where each edge is weighted by its expected hazard likelihood in addition to static traversal cost.
The routing module subsequently receives this probabilistic graph alongside the physical eet
constraints, which dictate the number of available vehicles K, the maximum allowed number
of trips F, the battery capacity C and the recharge time By processing these combined in-
puts, the routing module generates optimized vehicle routes tailored speci cally for time interval
n. These optimized routes are then passed to the eet execution and visual inspection phase.
As the autonomous UAVs traverse their scheduled routes within the physical environment, they
gather visual veri cation of the true road conditions, identifying whether the inspected edges
are actually hazardous or safe. This ground truth observation forms the observed edge states,
which are immediately fed back into the prediction module to provide the updated information
state for the subsequent time interval n + 1. By continuously cycling through prediction, route
optimization, and physical execution over the nite planning horizon, the closed-loop system dy-

namically adjusts the inspection paths. This iterative process directly supports the mathematical
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objective function by prioritizing routes that maximize the expected number of hazardous edges
discovered, thereby ensuring continuous and adaptive monitoring of dangerous road segments as

weather conditions evolve over time.

5.3.2 Prediction Module

The formation of hazardous conditions on transportation networks, such as black ice, is fun-
damentally a spatio-temporal phenomenon. Thermal conditions at any given road intersection
are heavily dependent on the historical trajectory of localized weather, such as prolonged freez-
ing temperatures following a precipitation event. Simultaneously, these conditions are not iso-
lated; they exhibit strong spatial correlations with connected neighboring geographic locations
as weather systems move across the landscape. To accurately model both the temporal mem-
ory of atmospheric conditions and the physical topological structure of the road network, this

framework employs a Temporal Graph Neural Network (TGNN) [89, 90].

5.3.2.1 Overview of the Prediction Module

Figure 5.2 provides the comprehensive schematic of the TGNN architecture. It visually inte-
grates the three distinct stages required to transform raw atmospheric forecasts into operational
edge hazard probabilities used by the autonomous eet: (1) temporal feature encoding (Section
5.3.2.2), (2) spatial message passing (Section 5.3.2.3), and (3) edge-level hazard classi cation
(Section 5.3.2.4). This diagram illustrates the critical logical transition from independent tempo-
ral analysis on individual node weather histories to interdependent spatial message sharing across

the connected topology, culminating in the specialized merging necessary for road segment haz-
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Figure 5.2: Architectural schematic of the Temporal Graph Neural Network, illustrating the se-
guential ow from raw weather data through node-independent temporal encoding, interdepen-
dent spatial message passing, and nal edge-level hazard classi cation.

ard prediction.

Within the modeled graph G = (N;E), the features derived from the information state
l iy (n) are mapped directly to the discrete intersection nodes N. For every node i 2 N, the
data spanning a historical lag period of S intervals is organized into a sequential feature matrix
Xi 2 RSM | Here, M represents the total number of distinct features, which includes both the
meteorological variables (such as temperature, dew point, relative humidity, precipitation, rain,
snowfall, wind speed, shortwave radiation, and cloud cover) and the historical hazard state prob-
abilities of the node derived from its connected edges. The proposed architecture sequentially
processes this matrix Xhrough the three hierarchical stages to generate the nal probabilistic
hazard assessments for the routing module. Furthermore, after the routing module utilizes these
probabilities to generate optimized trajectories and the Unmanned Aerial Vehicles execute the
physical inspections, ground truth data regarding the actual road conditions is collected. This

real-world observation is continuously fed back into the system to update the information state,
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speci cally by refreshing the historical hazard features withinfér the observed nodes. This
continuous feedback mechanism re nes the prediction module's hazard probabilities for the sub-

sequent time intervals, successfully completing the closed-loop framework.

5.3.2.2 Temporal Feature Encoding

The formation of hazardous road conditions, such as black ice, is rarely triggered by a sin-
gle instantaneous weather event. Instead, it is the result of a speci ¢ chronological sequence of
conditions. For instance, a period of active precipitation followed rapidly by a sharp drop into
sub-freezing temperatures creates a signi cantly higher hazard probability than either event oc-
curring in isolation. To capture this critical temporal trajectory, the framework formulates the
localized weather history at each intersection as a sequence modeling problem.

To extract these temporal dependencies from the sequential feature magiRX™ | the
module employs Recurrent Neural Networks (RNN) [91] that operate independently on each
intersection node. Because traditional recurrent models often struggle to retain information over
long sequences due to vanishing gradients [92], this architecture supports two advanced gated
variants designed speci cally to capture long-term temporal memory: the Gated Recurrent Unit
(GRU) [93] and the Long Short-Term Memory (LSTM) network [94]. These models utilize
specialized internal gating mechanisms to actively Iter the sequence, learning which historical
weather patterns to remember and which to discard as time progresses.

When the GRU is utilized, it processes the input weather vegio2xRM sequentially for

update gatezletermines how much of the previous time step's memory needs to be passed along
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to the future, which is mathematically essential for carrying forward the lingering thermal impact
of a past weather event. Conversely, the reset gadecides how much of the past information

is no longer relevant and should be forgotten. A candidate hiddenmst&ehen calculated to
represent the new potential memory. The nal hidden statedpresenting the evolving memory

of the node, is updated recursively according to the following equations:

zz= (W Xt +U;hip +by) (5.14)
re= (W (Xt +Uchiy +Dby) (5.15)
h; = tanh(W pXij + Un(ry h (1 ) +byp) (5.16)
hh=(1 z ) h ¢ +z, B (5.17)

where W, W,, and W, are the learnable input weight matrices,, W,, and U, are the
learnable recurrent weight matrices, apdip, and | represent their corresponding bias vectors.
Additionally, denotes the sigmoid activation function, tanh represents the hyperbolic tangent
activation function, and denotes the element-wise Hadamard product.

Alternatively, the LSTM network can be employed to process the temporal sequence. The
LSTM features a more complex architecture that separates the memory into a standard hidden
state hh and a distinct cell state .cThis cell state acts as a dedicated long-term memory conveyor
belt, allowing crucial historical features to ow through the sequence unaltered unless speci cally
modi ed. This ow is precisely regulated by three gates: an input gat® iadd new weather
information, a forget gate;fto remove outdated meteorological data, and an output gdte o

control what portion of the memory is exposed to the next step. Alongside these gates, a candidate
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cell state gis computed to propose new information for addition to the cell state:

fo= (W ¢xiy +Ushyg +by)
iv= (W iXit +Uihgg +by)

0 = (W oXjt +Ughts +by)

§ = tanh(W X1 + Uchip +Dbe)
Gg=f; c{1 +it €,

h; = oy tanh(c )

Similar to the GRU formulation, W W;, W,, and W. denote the input weight matrices, while

(5.18)
(5.19)
(5.20)
(5.21)
(5.22)

(5.23)

Us, U, Uy, and U denote the corresponding recurrent weight matrices. The ternhs h,, and

k. represent the respective bias vectors.

Regardless of whether the GRU or the LSTM model is selected, the temporal module pro-

cesses the entire chronological sequence of length S for each individual node. At the conclusion

of this sequential unrolling, the nal hidden state from the last time step, denoted asRP

where D is the de ned hidden dimensionality of the network, is extracted. This resulting embed-

ding vector fundamentally encapsulates the localized freezing trajectory of the speci c intersec-

tion. It formally serves as the initial temporal node embeddiﬁb that is subsequently passed

into the spatial message passing phase, providing the necessary historical context to evaluate how

this localized weather interacts with the broader geographic road network.
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5.3.2.3 Spatial Message Passing

Following the temporal encoding phase, each individual intersection possesses an initial em-
bedding Pﬁo) that captures its localized freezing trajectory. However, weather systems do not
operate in isolation; they move dynamically across physical geographies. A severe temperature
drop at one intersection will inevitably in uence the thermal conditions of its directly connected
neighboring roads. To mathematically model this geographic weather diffusion over the physical
road topology, the framework passes the initial temporal embeddings through multiple layers of
a Graph Neural Network (GNN) [95].

The architecture is designed to support three distinct spatial aggregation methodologies to
evaluate how this meteorological information is best shared across the network: Graph Convo-
lutional Networks (GCN) [96], Graph Attention Networks (GAT) [97], and GraphSAGE [98].
Each of these architectures offers a different mechanism for de ning how strongly a neighbor
in uences a target node.

The Graph Convolutional Network [96] provides a foundational approach by assuming that
weather conditions diffuse symmetrically across all available physical connections. It applies a
symmetric normalization based on graph topology to aggregate features from a node's imme-
diate neighborhood. For a given spatial layer |, the embedding for node i is updated using the
representations of its neighbors j 2 N (i) as follows:

0 1

X
h® = ReLU @ b L wo h(D A (5.24)
i2N ()[fig deg(i) deg(j)

where deg(i) is the degree of node i including a self-loop to retain its own memo#fy, W
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is the layer-speci c learnable weight matrix, and ReLU is the Recti ed Linear Unit activation
function. While computationally ef cient, the GCN treats the network as a static skeleton, which
can be a limitation if a cold front is moving heavily from one speci c direction and not equally
from all neighbors.

To address this limitation and allow the model to dynamically prioritize speci ¢ neighboring
roads based on their actual thermal importance rather than just their static physical connection, the
Graph Attention Network [97] introduces learnable attention coef cierﬁ?s This mechanism
allows the network to learn that a neighbor currently experiencing freezing rain should exert a
much stronger in uence on the target node than a neighbor experiencing stable conditions. The
attention score between node i and node j is computed using a shared attentional mechanism a
over the concatenated transformed features:

exp LeakyReLU a"[WOh{? jjw On{Y ]

=P 5.25
vor oo rtD o @) plD (5.25)

The node embedding is then updated as a weighted sum of the neighboring features governed
by these dynamic attention scores:

0 1

X
h =ReLU @ DwOR{D A (5.26)
12N (ifig

Finally, the GraphSAGE [98] architecture provides an inductive framework that differs from
both GCN and GAT by explicitly keeping the node's own history separate from its neighbors'
histories before combining them. Rather than simply summing the features together, GraphSAGE
concatenates the node's current representation with an aggregated neighborhood vector. This

preserves the distinct local thermal identity of the intersection while still absorbing the broader
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geographic context. The neighborhood aggregation and subsequent update are de ned as:

hO

Ny =Mean fh'Y :j2N()g (5.27)

h" =ReLU WO [h!Y jjhQ, ] (5.28)

In this proposed predictive framework, two sequential spatial layers (L = 2) are utilized,
incorporating dropout regularization after each layer to prevent the model from over tting to
speci ¢ historical weather events. The nal output of this spatial message passing module is
a highly re ned, interdependent embeddinﬁ)hZ RP for every node i in the network. For
any two adjacent nodes u and v connected by a physical road segment, their respective nal
embeddings § and H” now contain both their localized temporal weather history and the
geographic context of their surrounding environment. These speci c embeddings are outputted
from this stage and passed directly into the nal classi cation layer to predict the probability of

hazard formation along the continuous edge connecting them.

5.3.2.4 Edge-Level Hazard Classi cation and Optimization

The autonomous eet does not merely inspect isolated intersections; it ies along continuous
road segments. Therefore, the dynamic routing algorithms require probabilistic hazard assess-
ments corresponding directly to the physical edges E in the graph network. Because the output
of the spatial message passing phase consists of node-level embeddings, the framework must
explicitly translate these intersection representations into actionable edge-level probabilities.

For any given road segment connecting node u and node v, their respective nal spatio-

temporal embeddings are concatenated to form a uni ed edge representation yggtor z

126



[hf,L) jjh\(,L)] 2 R?P. This concatenated vector is then processed by a Multi-Layer Perceptron
(MLP). The MLP is a feed-forward neural network consisting of two fully connected linear lay-
ers separated by a RelLU activation and dropout regularization. The forward pass for the edge

classi cation is mathematically de ned as:

Z?u;v) = Rel—U(V\/mlp;l Z(u;v) + bmlp;l) (5.29)

Yuy) = Wmip2 Z?u;v) + Drmip;2 (5.30)

The raw output logit y.,) is subsequently transformed by a sigmoid activation function to
produce the nal predicted hazard probability p(u; v) = ¥ ), bounding the expected hazard
probability value strictly between 0 and 1.

A critical challenge in training this network is the inherent class imbalance present in winter
road conditions. The vast majority of road segments in a typical transportation network remain
safe, while hazardous icy conditions are statistically rare events. If trained with a standard loss
function, the neural network would be mathematically incentivized to continuously predict the
negative safe class to minimize global error, which would cause the routing module to ignore
potentially dangerous roads. To counteract this imbalance and ensure high recall for hazard
detection, the network is optimized using a weighted Binary Cross-Entropy loss function.

During the training phase, a dynamic positive weight ! is calculated for each temporal
snapshot based on the ratio of total negative safe edges to total positive hazardous edges. Let
Yy 2 fO; 1g represent the ground truth label for the edge. The loss L across all edges in the

training set is computed as:

127



X

1
L= E ! y (u;v) log(p(U; V)) + (1 y (u;v) ) Iog(l p(U; V)) (5-31)
(u;v)2E

By applying the scaling factor ! directly to the positive class term, the loss function heavily
penalizes the model for producing false negatives. This targeted optimization strategy forces the
Temporal Graph Neural Network to act conservatively, ensuring that the generated edge probabil-
ities accurately re ect the true potential hazards that the autonomous eet must prioritize during
physical execution.

However, identifying high-probability hazardous roads is only the rst half of the problem;
these probabilities must now be translated into physically executable vehicle routes. The sub-
sequent section details the Routing Module, which ingests this probabilistic graph alongside the
strict operational constraints of the autonomous eet, including limited battery capacities, manda-
tory recharge times, and multiple depot locations. By coupling the generated hazard probabilities
with advanced metaheuristic optimization, the Routing Module dynamically schedules the eet

to maximize the discovery of active hazards within the nite time interval.

5.3.3 Routing Module

The routing module converts predicted hazard edge probabilities into feasible vehicle routes
over a nite time interval. The problem requires determining both vehicle-edge allocations
and constructing routes respecting operational constraints, which becomes computationally in-
tractable for large networks. To address this, a metaheuristic approach is adopted that separates
global allocation from local route construction while maintaining tight coupling between the two

processes.

128



5.3.3.1 Overview of the Routing Module

The routing module operates over discrete time intervals, where each interval is associated
with a probabilistic graph G = (N; E) with edge probabilities p(i;j). For each interval, the
objective is to construct feasible routes that maximize the total expected hazard probability of the
visited edges.

A two-level process is employed. At the upper level, a Simulated Annealing (SA) (Section
5.3.3.2) algorithm generates optimized vehicle-edge allocations by exploring the allocation space
to maximize maximize the expected coverage of high probability edges. At the lower level, the
Probabilistic Magnetic Field Router (PMFR) (Section 5.3.3.3) converts these allocations into
feasible vehicle routes while enforcing capacity and recharging constraints.

Within each interval, an Exact Trip Cache (Section 5.3.3.4) is used to store and retrieve pre-
viously constructed trips during route construction. This reduces redundant computations across

repeated evaluations in the SA process. Across intervals, a Long-Term Memory Bank (Section

Figure 5.3: Memory-augmented routing module
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5.3.3.5) maintains high-quality trips identi ed from previous solutions. At the end of each inter-
val, routes are evaluated and trips covering high probability edges are promoted to this memory.
At the beginning of the next interval, these trips are re-evaluated under updated probabilities and
used to seed the Exact Trip Cache, providing a warm start.

Figure 5.3 illustrates this process. Within each interval, SA and PMFR interact to generate
feasible routes with cache-assisted reuse. Across intervals, the Long-Term Memory Bank enables
reuse of effective routing structures, improving ef ciency over time. The following subsection
details the Simulated Annealing algorithm, outlining how it generates and iteratively re nes op-
timized vehicle-edge allocations to maximize the expected probability of edges in the vehicle

routes.

5.3.3.2 Simulated Annealing (SA) Algorithm

The Simulated Annealing (SA) algorithm iteratively re nes vehicle-edge allocations, while
the Probabilistic Magnetic Field Router (PMFR) generates feasible routes that improve solution
quality by prioritizing high-probability edges. In contrast to the deterministic formulation pre-
sented in Chapter 3, this approach directly incorporates edge-wise hazard probabilities to maxi-
mize the total expected hazard coverage achieved by the eet within the allotted time interval.

To initialize the optimization process, the algorithm utilizes a greedy allocation strategy, de-
tailed in Algorithm 19. Each edge in the graph is evaluated based on a ratio of its distance from
a depot to its predicted hazard probability (Lines 4-14). High-probability edges located near de-
pots yield the lowest scores and are preferentially assigned to the closest vehicle (Lines 7-11).

This creates an initial allocation mapping, which is de ned as a set of disjoint target edge lists
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Algorithm 19 Greedy Allocation Procedure

1: procedure GREEDYALLOCATION(G; Ny; p; K)
2: Initialize [k] ;forallk 2 f1;:::;Kg

3 Esored  Sort all edges e 2 E in descending order of p(e)
4 foralle =(i;J) 2 E soreq dO

5 Smin 11 k best 0

6 forallk 2 f1;:::;Kgdo

7 de min(dist(N g[K]; i); dist(N 4[K]; }))

8 score d x=max(p(e); ) . =10 “* to prevent division by zero
9: if score < Siin then

10: Snin score, K pest K

11: end if

12: end for

13: [K best] [K pest [feg

14: end for

15: return

16: end procedure

The SA procedure (Algorithm 20) starts by creating this initial greedy allocatjp(Line
2). The greedy allocation algorithm assigns every single edge in the network to a unique vehicle.
However, traversing all of these assigned edges is physically impossible within the strict time
interval and vehicle battery limits. To resolve this operational constraint, the PMFR takes this
initial planned assignment and constructs feasible vehicle routes P for all vehicles while generat-
ing are ned, feasible allocation. (Line 3). The PMFR achieves this by prioritizing target edges
with higher probabilities using a convex scoring function (Equation 5.32), which is explained in
detail in Section 5.3.3.3. Notably, while the integer limit F serves to bound the theoretical math-
ematical formulation, it is not explicitly utilized as a control parameter within the SA or PMFR
algorithms. Instead, these heuristics directly enforce the operational constraints by continuously
tracking accumulated ight times against the battery capacity C, mandatory recharge durations

R+, and the total elapsed planning intervag}k Tnhaturally bounding the number of trips without
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requiring a hard trip counter.

The objective function evaluates the global objective, which is strictly de ned as the sum of
the unique edge hazard probabilities successfully traversed by the routes of all vehicles (Line
13). The algorithm initializes a temperature parametgk TLine 6) to control the probability of
accepting worse solutions during the optimization process.

During each iteration within the main loop (Lines 7-30), the algorithm calculates the current
trip times Y (Line 9) and identi es the set of untraversed edggsby comparing the original
planned allocation with the currently feasible allocation (Line 10). A neighboring allocatign
is then generated using the New Allocation procedure (Line 11). This subroutine (Algorithm 21)
dynamically alters the target edges assigned to the eet. At each iteration, the algorithm randomly
performs either a REASSIGN EDGE or a SWAP operation (Line 2).

In the REASSIGN EDGE operation (Lines 3-13), the algorithm rst checks if there are any
untraversed edges remaining. lf;Hs not empty, the algorithm identi es the untraversed edge
with the absolute highest hazard probability (Line 4), determines its initially assigned vehicle
(Line 5), and strictly moves it to the feasible allocation of a newly selected random vehicle (Lines
6-7). Conversely, if all target edges are successfully traversed, it identi es the speci ¢ vehicle
with the maximum mission time (Line 9), randomly selects one of its currently assigned edges
(Line 10), and reassigns it to another vehicle (Lines 11-12) to balance the workload. In the SWAP
operation (Lines 15-23), two distinct vehicles are randomly selected (Lines 16-17), and if both
possess non-empty allocations, one target edge from each vehicle is randomly exchanged (Lines
19-21).

The newly generated allocation,e,, is passed back to the PMFR (Algorithm 20, Line 12)

to produce the updated vehicle routeg,Pand the corresponding updated feasible allocation.
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Algorithm 20 SA Algorithm

1: procedure SA(G; Ny; C; Rt Tint ; Tmax; Tmin s Cri p; K; M)

2:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:

p GREEDYALLOCATION(G;N ¢;p;K)
P; ¢ PMFR(G; ;;Ng;C;Rr;Tint;p)
best c
Pbest P
T T max
foriterin 1 to M; do
if T >Tmin then
Y TRIPTIMES(P;C;R 1)
Eut UNTRAVERSEDEDGES( p; )
new NEWALLOCATION( p; ¢ Y;Eu;p;K)
F)new; new PMFR(G; new;Nd;C;RT;Tint;p)
frew GLOBALOBI(P pew;P)
f GLoBALOBJI(P;p)
ff onew f
if f>0then
C new
P P new
if f hew > GLOBALOBJI(Ppest; p) then
I:)best P
best c
end if
else
if () > random(0; 1) then
C new
P P new
end if
end if
end if
T T C .,
end for
return Pbest; best

33: end procedure

The algorithm then calculates the new global objective scasg Line 13) and compares it

with the current score f to determine the difference f (Line 15). If the new allocation yields a

higher total expected hazard probability discovery, resulting in a positive f, it is automatically

accepted (Lines 16-18). Furthermore, if this new con guration strictly improves upon the best

known objective score, the optimal routes and allocation are formally updated (Lines 19-21).
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Algorithm 21 New Allocation Procedure
1: procedure NEWALLOCATION( p; o Y; Eu; p;K)

2: if random(0,1) > 0:5 then /I REASSIGN EDGE
3: if E,t 6= then

4 e argmax ex, P(e)

5 Find k, suchthate2 ko]

6 Randomly selectilcen 2 f1;:::;Kgnfk o0
7 Move e from ko] 0 c[Kinserd

8 else

o: Kmax argmax g Yy

10: Randomly select € ([Kmax]

11: Randomly selectiler: 6= kiax

12: Move e from ([Kmax] 0 ¢[Kinser]

13: end if

14: else /I SWAP
15: Randomly selectik2 f1;:::; Kg

16: Randomly selectk2 f1;:::;Kgnfk 19

17: if ¢[ki] 6=;and ([k,] 6=;then

18: Randomly select;2 ([ki]; & 2 ([k2]
19: Swap ¢ and

20: end if

21: end if

22: return

23: end procedure

Conversely, if the new allocation yields a lower score, it is accepted according to the Boltzmann
probability criterion (Lines 23-26) to prevent the search from being trapped in local optima. The
temperature parameter decays geometrically by the cooling rate e end of each iteration
(Line 29) until it falls below Tn , ensuring the system eventually converges to a locally optimal
routing con guration.

The SA procedure relies heavily on the PMFR to actively translate abstract edge allocations
into feasible vehicle routes during every single search iteration. The mechanics of the PMFR,
including how it dynamically scores and sequences high-probability edges within operational

constraints, are thoroughly detailed in the following section.
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5.3.3.3 Probabilistic Magnetic Field Router (PMFR)

To evaluate an allocation during the SA process, the target edges assigned to each vehicle
must be converted into feasible vehicle routes. Because the machine learning prediction module
assigns a time-varying hazard probability to every edge in the transportation network, these prob-
abilities can be used to guide the route construction process. The deterministic Magnetic Field
Router developed in Chapter 4 is therefore adapted to incorporate edge-level hazard probabilities.
The resulting PMFR constructs the assigned target edges into actionable vehicle routes, where a
route for a single vehicle consists of a sequence of vehicle trips.

Building on the routing logic developed in Chapter 4, the PMFR functions as a local route
construction and repair algorithm. It incrementally constructs individual vehicle trips, similar to
the CONSTRUCTTRIP subroutine described in Algorithm 16. This process continues until either
the available time interval is exhausted or all assigned target edges have been inspected.

For each trip, the algorithm begins at a depot and progressively extends the route one node at
a time. To manage the evolving path, the algorithm maintains two history indices: one indicating
the most recently visited depot and another indicating the last serviced target edge. These indices
de ne a protected portion of the route that preserves previously serviced target edges while al-
lowing the algorithm to re ne the intermediate path if a shorter or more ef cient connection is
identi ed.

The route construction continues until no further feasible extensions can be made. At this
point, the trip must be closed by returning to a depot. Instead of simply selecting the nearest
depot, the router applies a look-ahead strategy similar to the FINISHTRIPTODEPOT procedure

in Algorithm 17. This strategy selects the terminating depot by considering both the cost of
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the return journey and the distance to the next unserviced target edge, thereby improving the
ef ciency of subsequent trips.

The key difference between the deterministic router (Section 4.3.5.3) developed in Chapter 4
and the Probabilistic Magnetic Field Router (PMFR) lies in how candidate moves are evaluated
and selected. Before inserting any node into the trip sequence, the algorithm performs a feasibility
check to ensure that the vehicle can reach the candidate node and still return to a depot without
exceeding the battery capacity limit C.

Instead of ranking candidate edges based on binary required-edge proximity, PMFR evaluates

them using a convex scoring function S(v; e) that incorporates the predicted hazard probabilities:

S(v;ie)=(1 W cap) P+Weap D (5.32)

In Equation 5.32, w,, represents the fraction of the vehicle's battery capacity that has already
been consumed. The term P represents probability attraction, which guides the vehicle toward
hazardous road segments. If the candidate edge e is a designated target edge, then P equals its
predicted hazard probability p(e). If the candidate edge is not a target but moves the vehicle
closer to the remaining target edges, P is computed as the average probability of the remaining
target edges, discounted exponentially by the distance to their frontier.

The term D represents depot attraction, which encourages the vehicle to return safely as
battery capacity decreases. It is de ned &s'&, where ¢ is the distance from node v to the
nearest depot.

Early in a trip, the battery is nearly full, so.y is close to zero and the probability attraction

P dominates the scoring function. This encourages the router to prioritize edges with high hazard
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probability. As the battery depletes iy approaches 1, causing depot attraction D to dominate

the score and guiding the vehicle back toward a depot. Each vehicle repeatedly executes these
trips, recharging for R time units between ights. Over the planning interval, this process forms

a sequence of trips that collectively maximize probability coverage while satisfying the vehicle's
operational constraints.

Furthermore, while the meteorological conditions uctuate over the planning horizon, the
underlying graph representing the physical road network remains entirely static. Because this
topological structure does not change, continuously utilizing the PMFR to rebuild vehicle routes
from scratch for the exact same graph presents a critical area for algorithmic optimization. To
exploit this structural consistency and bypass redundant routing computations, this framework

implements advanced architectural memory structures, beginning with an exact trip cache.

5.3.3.4 Exact Trip Caching

During the execution of the SA algorithm, the New Allocation procedure (Algorithm 21)
modi es the target edge assignments of only a small subset of vehicles at each iteration. Although
most vehicles retain their previously assigned edges, the sequential nature of multi-trip route
construction makes repeated evaluation of even identical allocations computationally expensive.
Furthermore, ef cient individual trips, corresponding to a single battery discharge cycle between
depots, frequently recur across different vehicles and iterations. To eliminate redundant routing
computations and exploit these recurring topological patterns, the framework incorporates an
exact trip cache mechanism.

This cache operates at the granular level of individual trips rather than storing entire multi-trip
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