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Abstract8

This study examines the multi-depot location-routing problems of unmanned aerial9

vehicles (UAVs) for urban monitoring (MDLRP-UM). MDLRP-UM arises in various10

practical applications, including daily police patrols in urban residential areas, forest11

fire patrols, urban infrastructure status monitoring and data collection, traffic flow mon-12

itoring at important intersections, and monitoring of urban temperature and humidity,13

among others. These diverse applications can be modeled as a general mixed-integer14

quadratically constrained problem (MIQCP), where we jointly plan the service routes of15

the UAVs, the frequency on each route, and the location of the depots to minimize the16

total cost. To solve the proposed problem, we decompose it into a master problem and17

sub-problems. We then propose an iterative algorithm (termed as “Frequency-Time-18

Frequency Strategy”) to solve the sub-problems, which is to find the optimal frequency19

and corresponding single service time for a given single route. The “Frequency-Time-20

Frequency Strategy” is further nested within a tailored adaptive large neighborhood21

search (ALNS) based heuristic algorithm to solve the master problem. The efficiency22

and effectiveness of the proposed solution method are demonstrated by a series of nu-23

merical studies.24
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1. Introduction26

Over the past decade, there has been a growing interest in unmanned aerial vehicles27

(UAVs) or drones, with the commercial UAV market projected to surpass USD 15,624.728

million by 2026 according to a recent study by Polaris Market Research (Polaris Market29

Research, 2021). The continuous development of UAV technology, coupled with its30

features of flexible deployment, high mobility, strong hovering ability, and versatility31

in installing various equipment, has attracted attention in various large-scale civilian32

applications, including wireless coverage, search and rescue operations, parcel delivery,33

infrastructure inspections, security, and surveillance (Hayat et al., 2016). Among these34

applications, the use of UAVs as monitoring vehicles in urban environments is emerging35

∗Corresponding author. Email address: wei.w.liu@polyu.edu.hk

© 2023. This manuscript version is made available under the CC-BY-NC-ND 4.0 license http://creativecommons.org/licenses/by-nc-nd/4.0/

https://dx.doi.org/10.1016/j.trc.2023.104406 This is the Pre-Published Version.



as a promising application (Barmpounakis & Geroliminis, 2020). The UAV flies to a36

specific location and uses integrated sensors to detect or monitor crowds or objects37

within a designated area while hovering in the air, all without human intervention on38

site.39

The increasing complexity and scale of urban environments necessitate innovative40

solutions for effective monitoring and management (Engin et al., 2020; Kashef et al.,41

2021). UAVs offer valuable applications in urban monitoring, such as enhancing surveil-42

lance and security for law enforcement agencies (Daniel & Wietfeld, 2011). Equipped43

with high-resolution cameras and thermal imaging sensors, UAVs can monitor public44

spaces, identify security threats, and respond swiftly to emergencies. UAVs also play45

a crucial role in inspecting and maintaining urban infrastructure (Máthé & Buşoniu,46

2015), using specialized sensors like LiDAR or multispectral cameras to efficiently detect47

structural defects in bridges, buildings, roads, and utility networks. Moreover, UAVs48

have the potential to contribute to environmental monitoring (Carminati et al., 2019)49

and traffic monitoring (Barmpounakis et al., 2016; Mahajan et al., 2023). By providing50

real-time data and accurate spatial models, UAVs support informed decision-making51

for urban planners and environmental agencies, fostering sustainable and resilient cities.52

Establishing a safe and effective monitoring network using UAV requires solving53

many technical challenges, such as how to obtain accurate and stable positioning infor-54

mation by GPS in urban environment (Marais et al., 2014), design effective UAV control55

and path planning algorithms to bypass obstacles and avoid collisions or property loss56

(Sathyaraj et al., 2008), and manufacture easy-to-carry sensors and machine learning-57

based vision methods (Redmon & Farhadi, 2018), as well as efficient data collection and58

process systems. While there are many studies related to overcoming these technical59

issues and achieving substantial results, to the best of our knowledge, there are limited60

studies addressing the service network design challenges for UAV monitoring systems.61

This study considers a scenario where a single operator provides urban monitoring62

services using UAVs. In this scenario, a single operator is responsible for providing spe-63

cific urban monitoring services, such as daily patrols, utilizing UAVs. The city consists64

of multiple points or areas that require monitoring, referred to as demand points. The65

operator, or the monitoring service provider, must ensure that each demand point meets66

the minimum monitoring requirements. Unlike the more commonly studied UAV-based67

delivery problem (Li et al., 2022), monitoring services in this context are repetitive, con-68

tinuous, and long-term in nature (Hari et al., 2021). The monitoring requirement of69

each demand point is typically considered as the proportion of time a UAV spends mon-70

itoring the designated area. This involves determining both the duration of monitoring71

during each visit to a demand point and the frequency at which the UAV visits that72

specific demand point. Moreover, UAVs have limited range due to battery capacity73

and require designated locations to stay when not performing tasks. Therefore, the74

operator can set up several depots at multiple locations to dispatch UAVs and provide75

them with charging, repairs, and routine maintenance work. Besides, unlike delivery76

problems, monitoring services are repetitive in nature. Therefore, it is necessary to77

consider the network’s complexity. Each additional service route significantly increases78
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the network’s complexity and presents operational challenges for the service provider,79

including scheduling individual UAVs and managing additional software and hardware80

resources. At the network design or planning level, the operator faces the challenge of81

solving the inherent combinatorial optimization problem, which involves determining82

the following key factors. (i) The optimal number and locations of depots that effec-83

tively cover the monitoring area. (ii) The number of UAV flight routes to be developed,84

including which demand points to visit on each route and their sequencing. (iii) The85

single monitoring time allocated to each demand point on each route, along with the86

frequency of dispatching UAVs on each route. Solving this optimization problem is cru-87

cial for achieving efficient and effective monitoring operations in the UAV-based urban88

monitoring system.89

The main contributions of this study are summarized below. (i) To the authors’90

best knowledge, this paper is the first to study the location-routing joint decision-91

making and optimization problem for UAV monitoring in urban environments, i.e., the92

multi-depot location-routing problem of UAVs for urban monitoring (MDLRP-UM).93

We address the challenge of jointly determining the optimal service routes of the UAVs,94

frenquency on each route, and the location of the depots to minimize the total cost.95

(ii) The studied problem was modeled as a mixed integer quadratically constrained96

problem (MIQCP), where the quadratic constraints properly reflect the relationship97

between the UAV’s single monitoring time, service intensity on the routes, and total98

monitoring requirement, which has rarely been modeled in existing UAV-based service99

network design studies. (iii) We design a tailored heuristic algorithm based on problem100

decomposition and the adaptive large neighborhood search (ALNS) approach for solving101

the MDLRP-UM. Computational experiments show that for small-scale instances, our102

algorithm can find solutions of the same quality as existing commercial solvers but103

at a faster speed. For real-world large-scale instances that solvers cannot solve, our104

algorithm can provide high-quality feasible solutions in acceptable time. We also carry105

out a sensitivity analysis in the numerical studies to assess how the changes in demand106

distribution, cost, and battery capacity will affect the optimal service design and system107

cost.108

The remainder of the paper is organized as follows. Section 2 provides a brief liter-109

ature review on related topics. The problem setting and the mathematical formulation110

are discussed in Section 3. Section 4 presents a comprehensive description of the tailored111

ALNS-based heuristic. Computational experiments for small and large instances are112

conducted and analyzed in Section 5 before we conclude and discuss potential directions113

for future research in Section 6.114

2. Literature review115

2.1. UAV-based monitoring116

In recent years, there has been an increasing trend in utilizing UAV-based systems117

for monitoring and exploring vast areas of interest. These applications primarily focus118
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on the surveillance and analysis of individuals, groups, behaviors, activities, infrastruc-119

ture, or buildings (Zhang & Huang, 2021). This emerging field of research leverages the120

capabilities of UAVs to collect valuable data and provide insights for various purposes.121

The widespread utilization of UAVs in monitoring applications can be attributed122

to the continuous refinement of their configuration and performance, as highlighted123

by Yang et al. (2022). To cater to the specific monitoring requirements of different124

objects, researchers have developed a range of sensors that can be installed on specific125

types of UAVs (Baldini et al., 2020; Amarasingam et al., 2022). These sensors enable the126

collection of remote sensing data with varying levels of spatial and temporal resolutions.127

Furthermore, significant progress has been made in UAV data processing through the128

implementation of advanced image processing algorithms based on machine learning (Lu129

et al., 2017; Kako et al., 2020; Barmpounakis et al., 2019; Zhu et al., 2018). Additionally,130

there are researchers who are dedicated to providing precise and consistent position131

information for UAVs, enabling them to conduct monitoring operations in complex132

urban environments, such as caves and densely built urban areas (Petráček et al., 2021;133

Tiemann & Wietfeld, 2017; Zhang & Hsu, 2018).134

Another popular research direction involves the collaborative application of UAVs135

and wireless sensor networks (WSNs). For instance, a study by Valente et al. (2011)136

proposes an air-ground wireless sensor network for crop monitoring, where UAVs are137

utilized as aerial nodes to monitor the temperature of the entire crop. This approach138

enables comprehensive monitoring and analysis of crop conditions. In terms of traf-139

fic management, Bashir et al. (2022) proposed a UAV and WSN network closed-loop140

control architecture for highway traffic monitoring. This architecture aims to capture141

speeding drivers on the highway and improve overall traffic safety. However, it is im-142

portant to note that while these studies excel in addressing specific challenges and143

proposing effective frameworks, they primarily lack focus on the strategic-level design144

of UAV monitoring networks.145

In the realm of monitoring applications, several optimization models and algorithms146

have been proposed to address UAV cruise route optimization and deployment chal-147

lenges. Liu et al. (2016) presented a multi-objective optimization model that minimizes148

the number of drones in use while reducing the total drone cruising distance. They149

employed an evolutionary algorithm to solve this problem effectively. Liu et al. (2013)150

transformed the UAV traffic monitoring problem, without maximum flight distance151

constraints, into the traveling salesman problem and utilized a simulated annealing al-152

gorithm to find solutions. Mersheeva & Friedrich (2012) introduced a mixed-integer153

programming model for UAV route planning, considering gas station constraints, and154

solved it using a metaheuristic variable neighborhood search algorithm. Liu et al.155

(2022) tackled the mission planning problem in a scenario where only one drone is avail-156

able without wireless charging equipment in a military reconnaissance mission. They157

proposed a hybrid framework that combines evolutionary algorithms and deep rein-158

forcement learning methods to optimize the solution. Mersheeva & Friedrich (2015)159

addressed the issue of limited energy resources when using multiple drone fleets to160

monitor crime scenes in open-air incidents. An insertion heuristic with a negotiation161
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mechanism for energy resources was proposed to solve this problem.162

However, existing research on UAV monitoring only focuses on one of the aspects163

of route planning or UAV deployment. Moreover, these studies often overlook the164

repetitive, continuous, and long-term nature of monitoring services, leading to a lack165

of service planning tools considering service frequency. To the best of the authors’166

knowledge, there is currently no available research that explores the joint optimization167

of all these factors with the goal of reducing overall costs. This includes optimizing168

the service routes of UAVs, determining the appropriate frequency for each route, and169

strategically locating depots to ensure efficient operations.170

2.2. Location-routig problems171

The aforementioned problem is relevant to existing studies on the location routing172

problems (LRP) in the context of delivery and logistics, where several research has173

shown that if the strategic decision of the location of facilities and the tactical design174

of vehicle routes are not considered simultaneously, the system’s total cost can be175

excessive. Although these studies cannot directly solve our problem, readers interested176

in LRP may refer to Nagy & Salhi (2007), Prodhon & Prins (2014), a review of variants177

and extensions of the LRP provided by Drexl & Schneider (2015). Additionally, Tadaros178

& Migdalas (2022) provides a review of bi-and multi-objective LRP. In particular,179

existing studies have focused on minimizing the total cost of the UAV-based delivery180

network by jointly designing cost-effective infrastructure and routes. For example, Pinto181

et al. (2020) developed a drone-based food delivery service network, where they aimed to182

balance demand coverage and the number of departure stations. Pinto & Lagorio (2022)183

proposed an optimization model aimed at designing a network for drone delivery, where184

each point to be served is assigned to a designated departure station, and the setting185

of intermediate charging stations extends the reach of the drone. A survey conducted186

by Li et al. (2021) examined the routing problems of ground vehicles and UAVs from187

a two-echelon scheme perspective. Likewise, Wen & Wu (2022) investigated the two-188

echelon routing problem in the context of large drones carrying multiple small drones189

for cooperative parcel delivery. They proposed a divide and conquer framework (DCF)-190

based three-stage iterative optimization algorithm to address this problem effectively.191

Moreover, several articles have extensively addressed the issue of collaboration be-192

tween UAVs and trucks in delivery operations, recognizing it as a promising mode for193

parcel delivery services (Murray & Chu, 2015; Agatz et al., 2018; Wang et al., 2017;194

Poikonen et al., 2017; Schermer et al., 2019). Notably, numerous studies have specif-195

ically focused on optimizing the placement of docking hubs, strategically positioned196

intermediate points that enhance the interaction efficiency between trucks and UAVs197

(Wang & Sheu, 2019; Xia et al., 2023). The careful selection of hub locations can198

lead to substantial reductions in distribution costs and significantly improve the overall199

collaboration effectiveness between trucks and UAVs.200

However, designing a network of UAV monitoring services is different from UAV201

delivery and logistics problems and involves additional/different complexities. For the202

proposed UAV monitoring service design problem, the location of the depot, the service203
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route, frequency on the route, and service time at each monitoring site (i.e., demand204

point in this paper) should be jointly optimized, which are not involved in existing UAV205

delivery problems. Moreover, the UAV monitoring service may involve multiple UAVs206

with different routes to serve the same monitoring site, i.e., the same demand point207

is served by coordinating different UAVs, which has rarely been considered in existing208

UAV-based service network design studies. In addition, the UAVs have limited flying209

ranges (subject to battery capacity). The decisions in relation to location, routing, and210

service time at each monitoring site interact with each other and are jointly subject to211

the flying range constraints.212

3. Problem statement and mathematical formulation213

3.1. Problem Description214

Daily police patrols in cities play a critical role in ensuring the safety and security of215

city residents and facilities. In densely populated urban areas, patrols are an effective216

way to detect potential illegal activities in a timely manner, reducing crime rates and217

possible financial losses. Unmanned vehicles have been used for this purpose in some218

cities, such as the 5G-based smart police unmanned patrol car in Shenzhen, China, and219

the smart robot unmanned patrol car purchased by Hong Kong Airport for patrolling220

restricted areas. In this study, we consider a similar application scenario where UAVs221

are used as monitoring vehicles to conduct daily patrols in an urban area. To design222

a monitoring network at the planning level, we typically need three key components:223

demand points (with monitoring demand), depots, and routes.224

In the urban area under consideration, locations with high levels of crowd gathering225

that require frequent monitoring are represented as demand points denoted by i. Each226

demand point is characterized by a single coordinate pair (ai, bi). The monitoring227

needs of these zones are influenced by various inherent factors, including population228

density, facility types, and land characteristics. These factors are taken into account229

and reflected in the form of a monitoring requirement hi. The monitoring requirement230

is defined as the ratio of the time being monitored by UAVs to the total time. For231

instance, a busy transportation hub downtown, such as a subway station, may have232

a high monitoring requirement with a value of hi = 0.75. This indicates that UAVs233

should perform patrol tasks for at least three-quarters of the whole time. On the other234

hand, recreational parks might have lower monitoring requirements compared to busy235

urban hubs.236

In addition to the monitoring requirement, the bounds for single monitoring time237

are also pre-specified to satisfy potential operational requirements. Once a UAV visits238

a demand point i, the time it spends there for a single stay to perform monitoring tasks239

must be between the minimum time li and the maximum time ui. The minimum time240

required for one inspection depends on the area and shape of different monitored zones241

and is reflected in the lower bound li. It is noteworthy that in practice for a patrol242

network the upper bound on the time duration of a single stay often helps increase the243

mobility of police or UAVs in this paper (Mazerolle et al., 2002; Koper et al., 2013).244
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Due to many physical or practical conditions, there can be only a limited number245

of locations that might be used as depots for the UAVs, where S denotes the set of246

candidate depots at pre-determined possible locations. For instance, existing police247

stations in the target area might serve as depots s ∈ S to dispatch UAVs, replace248

batteries and provide routine maintenance. We consider that each depot has sufficient249

space to accommodate multiple UAVs and perform maintenance work, and do not250

consider the capacity limit of the depot (given that UAVs are often not too large).251

The UAVs in the network will perform tasks along designed routes following certain252

service patterns. Typically, a UAV starts from a specific depot, flies to one or more253

crowded gathering zones, stays in each zone for a certain period for monitoring, and254

returns to the same depot. Both the path and the service time together form a route255

r ∈ R to be determined. Note that the route segment between two points is not the256

actual flight trajectory of the UAV but rather the path of the flight, or more precisely,257

the flight time based on the Euclidean distance. For each route, the operator will jointly258

determine the frequency Fr on which the UAV is dispatched, and the single monitoring259

time Eir for each demand point i on the route r.260

The frequency Fr represents the number of UAVs dispatched per unit time on ser-261

vice route r, with the reciprocal of this frequency representing the interval between262

dispatching two consecutive UAVs on the route. For example, if we consider “minute”263

as the unit of single monitoring time, a value of Fr = 0.05 indicates that 0.05 UAVs264

are dispatched every minute. In other words, the interval between dispatching two con-265

secutive UAVs on the route is 20 minutes. By continuously dispatching UAVs based266

on the established Fr on each route, a “static” monitoring service network is designed267

by the operator. This ensures a more evenly distributed coverage over the entire day,268

aligning with safety requirements and enhancing monitoring capabilities.269

When designing the monitoring service network, we take into account the following270

aspects. (i) While few studies on UAV-based delivery networks have considered the271

impact of factors such as wind direction or load on energy consumption (Zhang et al.,272

2021; Xia et al., 2023; Dukkanci et al., 2021; Cheng et al., 2020), the majority of existing273

research assumes that battery discharge is proportional to the travel distance or time274

(Pinto & Lagorio, 2022). In this study, we consider that the power consumption of the275

UAV is directly proportional to its operational time, which includes both the en-route276

time between two points and the monitoring time at a demand point. This assumption277

is based on the understanding that a “demand point” in the model represents an area278

where the UAV moves within the zone to carry out monitoring tasks, rather than279

remaining stationary or hovering in one spot. (ii) The UAVs that provide monitoring280

services are homogeneous and have a constant battery-constrained maximum flight time281

q. When a UAV returns to the depot after performing a mission along a determined282

route, it is immediately replaced with a fully charged battery. (iii) For decision-making283

by the monitoring service provider, selecting depots, designing routes, and optimizing284

the frequency and service time on each route are interrelated. The selection of depots285

and served demand points determines the routes to design as well as the frequency and286

total operation time on each route. The objective is to minimize the overall cost, which287
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comprises the costs associated with infrastructure, management, and operational cost.288

The first component depends on the selection of active depots, the second component289

on active routes, while the third component is collectively determined by the frequency290

and flight time on the routes.291

3.2. Model formulation292

We now proceed to the mathematical formulation of the proposed problem concern-293

ing the design of a service network with UAVs for urban monitoring. This formulation294

aims to simultaneously optimize the selection of depots, activation of routes, frequen-295

cies on each route, and single monitoring times for demand points along the routes.296

Decisions regarding vehicle routing and active depots entail a significant number of297

binary variables. The presence of both continuous variables, such as the single moni-298

toring time at a demand point on the route, and the frequency of the route, gives rise299

to inevitable bilinear terms. To address this, we propose a Mixed Integer Quadratically300

Constrained Program (MIQCP) model for tackling the multi-depot location-routing301

problem of UAVs for urban monitoring (MDLRP-UM).302

For clarity, we adopt the unit of “minute” for time throughout the model and303

subsequent chapters, without sacrificing generality. Additionally, we pre-convert the304

distance between two points into flight time by dividing the Euclidean distance by the305

nominal average speed. This flight time is denoted as dij. Similarly, when we mention306

the “battery level”, we are referring to the remaining flight time that the UAV can307

sustain with a specific amount of battery power.308

To facilitate understanding, we provide a list of indices, sets, parameters, and deci-309

sion variables used in the MDLRP-UM model in Table 1.310

Table 1 Notations.

Indices and sets Description

i, j Indices of demand points

r Index of a route

s Index of a candidate depot

I Set of demand points

R Set of routes

S Set of candidate depots

Parameters Description

ni Number of demand points

nr Number of maximum routes

ns Number of candidate depots

(ai, bi) Coordinates of point i

dij Distance-determined travelling time from point i to point j (unit:
minute)

8



hi Monitoring requirement of demand point i (ratio)

li Minimum single monitoring time for a UAV visiting demand point
i (unit: minute)

ui Maximum single monitoring time for a UAV visiting demand point
i (unit: minute)

q Battery-constrained maximum flight time (unit: minute)

w Coefficient converting operation costs from a minute to a week

cR Monetary Cost of one new route (the life-cycle cost is converted in
to a weekly-equivalent cost) (unit: dollar)

cS Monetary Cost of activating one new depot (the life-cycle cost is
converted in to a weekly-equivalent cost) (unit: dollar)

cC Monetary Cost of charging and inspecting a UAV for one time
(unit: dollar)

cO Monetary Cost of operating one UAV for one minute (unit: dollar)

M A sufficiently large number

Decision
Variables

Description

Eir Single monitoring time at demand point i on route r (unit: minute)

Fr Frequency of dispatching UAVs on route r (unit: flight per minute)

Pir,in Battery-determined maximum operation time when arrives at
point i on route r (unit: minute)

Pir,out Battery-determined maximum operation time when leaves from
point i on route r (unit: minute)

Tr Operation time of route r (unit: minute)

Xijr Binary variables; 1 if route r goes to point j after point i; 0, oth-
erwise.

Ar Binary variables; 1 if route r is used; 0, otherwise.

Bs Binary variables; 1 if depot s is activated; 0, otherwise.

Based on the notations in Table 1, the MDLRP-UM is written as the following311

MIQCP.312

min
∑
r∈R

Arc
R +

∑
s∈S

Bsc
S + w

∑
r∈R

(Frc
C + FrTrc

O) (1)

s.t. Routing Constraints313 ∑
s∈S

∑
j∈I∪S
j ̸=s

Xsjr = Ar,∀r ∈ R (2)
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314 ∑
i∈I∪S
i ̸=s

∑
s∈S

Xisr = Ar,∀r ∈ R (3)

315 ∑
i∈I∪S
i̸=s

Xisr −
∑
j∈I∪S
j ̸=s

Xsjr = 0,∀s ∈ S,∀r ∈ R (4)

316 ∑
j∈I∪S
j ̸=i

Xijr −
∑
j∈I∪S
j ̸=i

Xjir = 0,∀i ∈ I,∀r ∈ R (5)

Battery Monitoring Constraints317

Pjr,in ≤ Pir,out −Xijrdij + q(1−Xijr),∀i ∈ I ∪ S,∀j ∈ I ∪ S, i ̸= j,∀r ∈ R (6)
318

Psr,out = qBs, ∀s ∈ S,∀r ∈ R (7)
319

Pir,out = Pir,in − Eir,∀i ∈ I,∀r ∈ R (8)
320

Pir,in ≥ 0,∀i ∈ I ∪ S,∀r ∈ R (9)
321

Tr ≥ q − Psr,in,∀s ∈ S,∀r ∈ R (10)

Demand Fulfilment Constraints322 ∑
r∈R

EirFr ≥ hi, ∀i ∈ I (11)

Active Depot, Active Route Constraints323

Bs ≥ Xisr,∀i ∈ I ∪ S,∀s ∈ S, i ̸= s,∀r ∈ R (12)
324

Ar ≥
Fr

M
,∀r ∈ R (13)

Single Monitoring Time Constraints325

Eir ≤ ui

∑
j∈I∪S
j ̸=i

Xijr, ∀i ∈ I,∀r ∈ R (14)

326

Eir ≥ li
∑
j∈I∪S
j ̸=i

Xijr,∀i ∈ I,∀r ∈ R (15)

Range and Binary Constraints of Decision Variables327

Eir ≥ 0,∀i ∈ I,∀r ∈ R (16)
328

Tr ≥ 0,∀r ∈ R (17)
329

Fr ≥ 0,∀r ∈ R (18)
330

0 ≤ Pir,in ≤ q,∀i ∈ I ∪ S,∀r ∈ R (19)
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331

0 ≤ Pir,out ≤ q,∀i ∈ I ∪ S,∀r ∈ R (20)
332

Xijr ∈ {0, 1},∀i ∈ I ∪ S,∀j ∈ I ∪ S, i ̸= j,∀r ∈ R (21)
333

Ar ∈ {0, 1},∀r ∈ R (22)
334

Bs ∈ {0, 1},∀s ∈ S (23)

The non-linear objective function (1) seeks to minimize the overall cost of the mon-335

itoring service network at the strategic level. The constant cost cS is assigned to each336

active depot, representing the one-off infrastructure cost of building a depot. Similarly,337

cR represents the costs brought by each additional service route since it will signif-338

icantly increase the network’s complexity and present operational challenges for the339

service provider, including scheduling individual UAVs and managing additional soft-340

ware and hardware resources. Note that in our model, cS and cR are pre-converted341

weekly-equivalent costs (the life-cycle cost is converted in to a weekly-equivalent cost).342

In terms of operation and maintenance, cC is the cost of charging and inspecting a343

UAV for one time. After completing a monitoring task and returning to the depot,344

a UAV requires battery replacement and inspection, which incurs maintenance costs.345

Additionally, in an ongoing service network, UAVs that reach the end of their lives346

are continuously replaced, and the amortized UAV acquisition cost, cO, is introduced347

to represent the cost of operating a UAV per unit of time (minute). To convert the348

operational costs to a weekly basis, a coefficient of w = 104 is used, considering that349

one week is approximately 104 minutes. Therefore, all costs, including infrastructure350

investment costs, management costs, and operating costs, are considered in a weekly351

basis. Since the total operating cost is determined by the product of the operation352

time and frequency of the UAVs on the routes, the product term FrTrc
O results in a353

nonlinear objective function.354

The cost minimization is subject to five groups of constraints. The first group355

relates to UAV routes and is adapted from a typical vehicle routing problem. For each356

used route, constraints (2) require the route to start from a depot exactly once, while357

constraints (3) ensure that the route ends at a depot exactly once. Constraints (4)358

indicate that the ending depot and the starting depot of a route must be the same.359

Constraints (5) state that a route visiting demand point i must also depart from i.360

The second group of constraints is concerned with battery tracking, and constraints361

(6) also provide subtour elimination. Constraints (6) record a UAV’s battery level based362

on the sequence of nodes (demand points and depots) visited. If node j is visited by a363

UAV on route r after node i (Xijr = 1), the battery-determined maximum operation364

time upon arriving at node j is reduced based on the distance-determined travelling365

time between nodes i and j. Otherwise, constraints (6) are relaxed. Note that because a366

UAV consumes battery when performing monitoring tasks at a demand point it visits,367

and its almost-dead battery is replaced with a fully charged one immediately after368

returning to the depot, two essential variables Pir,in and Pir,out are used to represent369

the battery levels while entering or leaving a node i, respectively. Constraints (7) reset370
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the battery level to q when a UAV leaves an active depot. Constraints (8) reduce371

the battery level when a UAV leaves a demand point according to the time it spends372

performing monitoring tasks there. Constraints (9) and (10) ensure that each UAV has373

sufficient battery to visit the remaining demand points on the route and return to the374

depot, respectively.375

The third group of constraints (11) is the demand fulfillment constraints. By set-376

ting the single monitoring time and route frequency, these constraints ensure that the377

service level to each demand point in the network reaches at least its monitoring re-378

quirement. Note that this formulation allows multiple UAVs on different routes serving379

the same monitoring site or demand point, and this scenario will be referred to as a380

“split visit”. Since both the single monitoring time Eir and the frequency Fr are con-381

tinuous variables, so the product terms are nonconvex bilinear. This nature causes an382

inherent nonlinearity in the model, making the problem a nonlinear program (NLP),383

specifically, a quadratically constrained program (QCP).384

The fourth group of constraints relates to the selection of depots and routes. Con-385

straints (12) ensure that only active depots are used to dispatch UAVs, replace bat-386

teries, and provide routine maintenance, while constraints (13) ensure that UAVs are387

dispatched only on used routes with positive frequencies.388

The final group of constraints (14) and (15) links the single monitoring time and389

the path on each route. If route r visits demand point i, then the single monitoring390

time at demand point i must be within the lower and upper bounds; otherwise, it is set391

to zero.392

Table 2 provides a summary of the key characteristics of the proposed MIQCP393

model. In this table, we can observe that variables such as Eir, Tr, Fr, Pir,in, and Pir,out394

are continuous variables, while Xijr, Ar and Bs are binary variables. Constraints (6)395

and (11), as well as the objective function, involve nonlinearity. The complexity of the396

proposed model is influenced by the number of demand points, candidate depots, and397

routes. For instance, in the case of a small network with 4 demand points, 2 candidate398

depots, and a maximum of 5 service routes, our model would consist of 90 continuous399

variables, 187 binary variables, 265 linear constraints, and 4 nonlinear constraints.400

Table 2 Characteristics of the proposed MIQCP.

Variables/Constraints/Objective
function

Size (|I| = 4, |S| = 2, |R| = 5) Type

Eir |I||R| = 20 Continuous

Tr, Fr |R| = 5 Continuous

Pir,in, Pir,out |I ∪ S||R| = 30 Continuous

Xijr |I ∪ S|2|R| = 180 Binary

Ar |R| = 5 Binary

Bs |S| = 2 Binary

Objective function (1) 1 Non-linear
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Constraints (2),(3),(13) |R| = 5 Linear

Constraints (4),(7),(10) |S||R| = 10 Linear

Constraints (9) |I ∪ S||R| = 30 Linear

Constraints (5),(8),(14),(15) |I||R| = 20 Linear

Constraints (6) |I|(|I| − 1)|R| = 60 Linear

Constraints (11) |I| = 4 Non-linear

Constraints (12) |S|(|I ∪ S| − 1)|R| = 50 Linear

4. Solution approach401

The joint optimization model of MDLRP-UM in Section 3 in nature is an NP-hard402

problem, as it is an extension of location routing problems (LRP), and there is no403

algorithm for solving it in polynomial time. Moreover, in our studied problem, the404

frequency on the routes and single monitoring times for demands on the route interact405

with each other and jointly determine the overall system cost. Additionally, the problem406

under study incorporates the multiplication of continuous variables. These factors407

contribute to the inherent complexity of the problem, making it highly challenging408

to solve. Off-the-shelf commercial non-linear solvers, such as Gurobi, are only able to409

solve small-sized instances of the studied problem. Consequently, we propose a heuristic410

approach to solve real-world large-scale cases.411

The basic idea to solve MDLRP-UM is to decompose it into a master problem and412

sub-problems. Figure 1 describes the framework of the proposed algorithm. The master413

problem is the location-routing problem of UAV, where we jointly determine the active414

depots, path of the routes, and how to split the monitoring requirement of a demand415

point so that it can be cooperatively satisfied by different UAVs from multiple routes.416

The sub-problem is to determine the frequency and service time of each route given417

the path and demands to serve. We use a customized Adaptive Large Neighborhood418

Search (ALNS) algorithm to solve the master problem and nest within it a proposed419

exact algorithm termed as “Frequency-Time-Frequency strategy” for solving the sub-420

problems. Furthermore, whenever a new best solution is found during the ALNS search421

process, we utilize the commercial solver Gurobi to exactly solve a small linear pro-422

gramming problem. This process is referred to as “route-collaboration improvement”,423

which enables us to enhance the solution’s quality even further (see section 4.2.5).424
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Fig. 1. Overall framework of the proposed solution approach.

4.1. Solving the subproblem - Frequency-Time-Frequency strategy425

To obtain the optimal frequency F ∗ and corresponding single monitoring time Ei, i ∈426

Ir for a given route, we propose an iterative algorithm (termed as “Frequency-Time-427

Frequency strategy”). Consider a route r severing a series of demand point i, j, ...,∈ Ir,428

and each demand point i has a monitoring requirement hi to be served by this route.429

The lower bound li and upper bound ui of the single monitoring time is also given, and430

the visiting sequence is assumed determined. We now describe the four steps of the431

proposed algorithm.432

Step-1: Preparation. First, check if this route is feasible. The feasibility indicates433

that tmin =
∑

dij +
∑

i∈Ir li ≤ q, where
∑

dij is the total flight time between the nodes434

on the route, and q is the battery-constrained maximum flight time. For a feasible435

route, we can write tallowed = q −
∑

dij. An in-determined note list I is created with436

its item to be i, j, ...,∈ Ir.437

Step-2: Initial solution generation. For each of the demand point i ∈ Ir, calculate438

the minimum frequency Fi,min = hi

ui
. Set the frequency of the route to the max-min439

frequency F ∗ = max
i∈I

Fi,min. The corresponding optimal single monitoring time for each440
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demand point on this route i, j, ...,∈ I is calculated by Ei =


li,

hi

F ∗ < li

hi

F ∗ , li ≤
hi

F ∗ ≤ ui

. Check441

if this solution is feasible. If yes, this is the optimal solution; if not, go to Step-3.442

Step-3: Fix the single monitoring time for the “low-demand point”. We call a443

demand point a “low-demand point” if it satisfies hi

F ∗ < li. For any low-demand points,444

set Ei = li and tallowed = tallowed − li, and remove it from the in-determined note list I.445

This means the single monitoring time of is kind of demand points will not be changed446

later and it will not affect the frequency nor other demand points’ single monitoring447

time.448

Step-4: Obtain the new solution. Calculate the new frequency F ∗ =
∑

i∈Ir
hi

tallowed
, and449

the corresponding single monitoring time Ei =
hi

F ∗ . Check if there is new “low-demand450

point” occurred. If yes, go back to Step-3; if no, we get the optimal solution.451

Since this algorithm iteratively calculates and updates the frequency of the route and452

the corresponding single monitoring times, it is called the Frequency-Time-Frequency453

strategy. The pseudocode for this algorithm is provided in Algorithm 1. The optimality454

of the solution obtained by the Frequency-Time-Frequency strategy is explained in455

Appendix A, through a linearization of the non-linear optimization problem and writing456

its Karush-Kuhn-Tucker conditions. The Frequency-Time-Frequency strategy is nested457

in the Adaptive Large Neighborhood Search (ALNS) framework to solve the master458

problem, and thus will be used intensively.459
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Algorithm 1 Frequency-Time-Frequency Strategy

1: Feasibility check: tmin =
∑

dij +
∑

i∈Ir li ≤ q
2: tallowed ← q − tmin

3: for all i ∈ Ir do
4: Fi,min ← hi

ui

5: end for
6: F ∗ ← max

i∈I
Fi,min

7: for all i ∈ Ir do
8: if hi

F ∗ < li then
9: Ei ← li

10: else
11: Ei ← hi

F ∗

12: end if
13: end for
14: while

∑
i∈I Ei > tallowed do

15: for all i ∈ Ir do
16: if hi

F∗
< li then

17: Ei ← li
18: tallowed ← tallowed − li
19: Ir ← Ir \ i
20: end if
21: end for
22: F ∗ ←

∑
i∈Ir

hi

tallowed

23: for all i ∈ Ir do
24: Ei ← hi

F ∗

25: end for
26: end while
27: return F ∗ and Ei,∀i ∈ Ir

4.2. Solving the master problem - ALNS460

We design a tailored adaptive large neighborhood search (ALNS) algorithm for the461

master problem of MDLRP-UM, where we determine the location of active depots, path462

of the routes, and how to split the monitoring requirement of the demand points.463

The Large Neighborhood Search (LNS) framework, originally introduced by Shaw464

(1998), is a technique that enhances solutions by repeatedly destroying and repairing465

them in large neighborhoods. Ropke & Pisinger (2006a) extended this approach to the466

Adaptive Large Neighborhood Search (ALNS), which employs two classes of destroy467

and repair operators to allow for the adaptive use of multiple large neighborhoods. The468

ALNS records the historical performance of each neighborhood and dynamically adjusts469

the operator selection process (Pisinger & Ropke, 2007). This adaptive mechanism470

provides flexibility and extra freedom and is widely used to solve optimization problems471

in various fields, including transportation and logistics (Ropke & Pisinger, 2006b; Demir472
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et al., 2012; Ma et al., 2023). For a comprehensive overview of the ALNS metaheuristic473

framework and its applications, we refer readers to the recent survey by Windras Mara474

et al. (2022). In the following, we present the components and overall framework of our475

algorithm.476

4.2.1. Initialization477

A feasible initial solution Sinitial is essential for the adaptive large neighborhood478

search. During the initialization phase, we employ a four-step greedy approach to479

generate such a feasible initial solution. The pseudocode for this initialization process480

is presented in Algorithm 2.481

Step-1: Active a new depot. Let the battery level be q. Calculate the number of482

unserved demand points covered within a radius of rcq from each candidate station,483

where 0 < rc ≤ 1 (1/3 in the implementation). The depot with the most unserved484

demand points around will be selected to be activated.485

Step-2: Create a new route. A new route is created starting from the selected depot.486

It goes to the nearest unserved demand point within the battery allowance, and goes487

back to the depot. The battery allowance is defined as the remaining power enough for488

the UAV to go from the current position to the demand point, stay there for the upper489

bound of the single monitoring time ui and return to the depot.490

Step-3: Insert a nearest unserved demand point. One unserved demand point closest491

to the last served demand point on the route will inserted to this route if it satisfies the492

battery allowance. This process is repeated until there are no reachable demand points493

for this route. Calculate the frequency on the route and the single monitoring time494

for the demand points on the route accordingly using the Frequency-time-Frequency495

strategy.496

Step-4: Check whether the current depot has reachable unserved demand points. If497

yes, go back to Step-2, if not, go back to Step-1. Repeat this process until all demand498

points are served.499

The reader may be aware of that in the initial solution, each demand point is only500

served by one assigned route. However, in the following stage, some of the destroy501

operators introduced in 4.2.2 will allow the “split visits” scenario (one demand point502

is served by multiple routes) by decomposing the monitoring requirement of a demand503

point.504
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Algorithm 2 Generate a feasible initial solution

1: while there exists an unserved demand point do
2: for all non-activated depots do
3: Calculate the number ni(s) of unserved demand points covered within a radius

of rcq from the depot s.
4: end for
5: Activate the depot s with the largest ni(s).
6: repeat
7: Create a new route r from depot s.
8: while battery is enough to visit another unserved demand points i, j, ... do
9: Insert the nearest i to route r.
10: end while
11: Calculate Fr and Eir using Frequency-time-frequency strategy.
12: until no reachable demand point from depot s
13: end while
14: return a feasible initial solution Sinitial

4.2.2. Destroy operators505

The destroy stage removes k demand points from the current solution either partially506

or completely using the destroy operators. The removed demand points are added into507

an unserved demand list. During this process, unless otherwise specified, any changes to508

a route require updating its frequency and corresponding single monitoring time for the509

demand points using the Frequency-Time-Frequency strategy. After determining the510

unserved demand list, we calculate the unserved demand hi,unserved of each demand point511

i by subtracting the existing services provided from the original monitoring requirement,512

that is, hi,unserved = hi −
∑

r∈R EirFr.513

We adopt eight types of destroy operators in our implementation, with the first514

five inspired and modified from previous literature (Ropke & Pisinger, 2006a,b; Demir515

et al., 2012; Wang et al., 2020), while the last three are introduced in this work. We516

describe each operator below:517

1. Random Removal (RR): This operator randomly removes one demand point on a518

randomly-selected route in the current solution and adds it to the unserved demand519

list. The idea is to increase the randomness of the search process and diversify the520

search space.521

2. Worst Cost Removal (WCR): This operator selects the demand point that generates522

the maximum cost saving or maximum benefit from removing it in the current so-523

lution. If a demand point is served by multiple routes in the current solution, the524

operator treats them as different demand points on different routes and removes the525

one with the highest cost saving. We calculate the cost savings for each demand526

point i on a route as ∆i = cost(Scurrent)− cost(Scurrent\i), remove the demand point527

with the highest ∆i and add to the unserved demand list.528
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3. Route Removal (ROR): This operator randomly removes a full route in the current529

solution. All demand points served by this route are removed sequentially and added530

to the unserved demand list. This operator is widely used in vehicle routing problems531

to remove a series of associated nodes at once from a solution.532

4. Depot Removal (DR): This operator randomly selects an activated depot and removes533

all routes originating from that depot in the current solution. This operator plays a534

critical role in determining the location of depots.535

5. Zone Removal (ZR): This operator removes a series of demand points based on their536

2D Cartesian Coordinates. It first computes the corner points of the entire region,537

randomly select an area accounting for a certain predefined proportion (9% in the538

implementation) of the total region, and remove all demand points within this area539

sequentially and add them to the unserved demand list. If the area does not contain540

any demand point, it will do nothing in that iteration.541

6. Reduction Removal (RER): This operator splits the monitoring requirement of a542

certain demand point and reduces part of the demand served in the current solution.543

Recall that for a route r severing a series of demand point i, j, ...,∈ Ir, if its operation544

time has not achieved the battery-limited maximum time, then the frequency of this545

route is determined by the “most-needed” demand point, that is Fr = max
i∈Ir

Fi,min,546

where Fi,min = hi

ui
is the minimum frequency of a demand point. Such a case is likely547

to lead to a waste of resources and an increase in cost, because other demand points548

on the route may not actually need such a high frequency to serve.549

The idea of this operator is to reduce the impact of this situation by finding and550

splitting the “most-needed” demand point on a route. It will randomly select one551

route r which serves at least two demand points, and set the new frequency on the552

route Fr,new to the minimum frequency of the “second most-needed” demand point.553

In that case, the “most-needed” demand point will be put into the unserved demand554

list with a decomposed unserved demand, since the actual monitoring service provided555

to the “most-needed” demand point is reduced.556

For the route whose operation time has achieved the battery-limited maximum time,557

this operator still perform the same strategy to set the frequency and decompose the558

monitoring demand. Note that this decomposition is not always a perfect split, and559

the potential sub-optimality brought by such decomposition could be reduced or elim-560

inated by the route-collaboration improvement to be introduced later in subsection561

4.2.5.562

7. k-Reduction Removal (k-RER): This operator is a variant of Reduction Removal563

(RER). It randomly selects one route r which serves at least k + 1 demand points,564

and set the new frequency on the route Fr,new to the minimum frequency of the565

“(k + 1)th most-needed” demand point. In that case, k demand points will be split566
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and put into the unserved demand list together during one iteration, which increases567

the efficiency of decomposition. In our implementation, k is set to three.568

8. Excess Service Removal (ESR): This operator is based on the situation that for some569

demand points, the monitoring service provided by the network may exceed the570

monitoring requirement required. Such a scenario is called an excess service and it571

is likely to occur when a demand point with a relatively low monitoring requirement572

is served by a route with a relatively high frequency. To see that, consider a route573

r with its max-min frequency Fr = max
i∈Ir

Fi,min, if a demand point i on the route574

has a monitoring requirement hi such that hi

Fr
< li, then the monitoring service575

provided to this demand point hi,served = EirFr ≥ liFr is greater than the monitoring576

requirement hi. This situation is also possible to occur when a demand point is577

severed by multiple routes since the monitoring requirement is decomposed and for578

each route, the monitoring requirement to serve is thus relatively low.579

The intuition of this operator is to identify and reduce this mismatching of the de-580

mand and frequency in the current solution. It will randomly select one demand581

point with excess service, and remove it from every route which serves this demand582

point. It also provides the ability to “merge” the demand points served by multiple583

routes since the single demand point i will be put into the unserved demand list584

with its original monitoring requirement hi. This can be seen as a reverse process of585

the split demand function performed by Reduction Removal (RER) and k-Reduction586

Removal (k-RER), reducing the possibility of excessively unnecessary splitting of587

demand points.588

4.2.3. Repair operators589

In the repair stage, the demand points i in the unserved demand list with its un-590

served demand hi,unserved will be inserted to the current destroyed solution. Four repair591

operators are designed in our algorithm, all of which are inspired from the implemen-592

tation in literature (Ropke & Pisinger, 2006a,b; Ghilas et al., 2016; Wang et al., 2020).593

1. Greedy Insertion (GI): This operator iterates over all demand points in the unserved594

demand list and inserts them in the way and position that produces the minimum595

incremental cost in the current solution. The unserved demand list is randomly596

shuffled before selecting demand points sequentially. Possible ways to insert the597

demand point include a) inserting it into an existing route that serves it and merging598

the demand, b) inserting it into an existing route that has not served it and choosing599

the best position, c) creating a new route from an active depot and inserting the600

demand point into that new route, or d) activating a new depot and inserting the601

demand point into a new route from that active depot. If any route is changed during602

the insertion process, its frequency and corresponding single monitoring time for the603

demand points on that route should be updated using the Frequency-Time-Frequency604

strategy.605
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2. Greedy Insertion with Noise (GIN): This operator is an extension of GI that incor-606

porates a noise term random(0.1, 1) to increase the randomness of the search space607

when inserting greedily. The cost of insertion is evaluated using CostWithNoise =608

ActualCost× random(0.1, 1) instead of the actual cost unless using the ActualCost.609

3. Second-best Insertion (SI): This operator is similar to the Greedy Insertion (GI),610

but it differs in the way it selects the insertion position for each demand point.611

Specifically, SI chooses the position that results in the second-least incremental cost612

in the current solution. This approach helps to expand the search space within certain613

limits and reduces the risk of getting trapped in a local optimum.614

4. Second-best Insertion with Noise (SIN): This operator is an extension of SI that in-615

corporates a noise term random(0.1, 1) to increase the randomness of the search space616

when inserting greedily. The cost of insertion is evaluated using CostWithNoise =617

ActualCost× random(0.1, 1) instead of the actual cost unless using the ActualCost.618

4.2.4. Post-repair improvement619

We introduce a post-repair improvement procedure to further improve the quality620

of the repaired solution. The procedure aims to identify unnecessary or redundant621

visits to demand points on some routes. Under the “split visits” scenario (one demand622

point is served by multiple routes), when the monitoring requirement of a demand623

point is decomposed and re-inserted into another route, it is possible that the services624

provided by the new route can meet the entire monitoring requirement individually,625

rendering the remaining services provided by the old route redundant. Therefore, the626

procedure scans all demand points on each route and removes every unnecessary visit.627

Specifically, it removes a demand point i on a particular route r∗ if
∑

r∈R\r∗ EirFr ≥ hi.628

If any demand point on a route is removed during this process, the frequency on that629

route and the corresponding single monitoring time for the remaining demand points on630

that route should be updated using the Frequency-Time-Frequency strategy. Finally, a631

new solution Snew is generated.632

4.2.5. Route-collaboration improvement633

The previously introduced customized destroy operators have the ability to heuristi-634

cally determine the decomposition of the monitoring requirement for a specific demand635

point, assigning it to different routes and enabling multiple routes to serve the same636

demand point simultaneously. However, the solutions obtained through this approach637

often have room for improvement in terms of quality. Therefore, we propose a route-638

collaboration improvement.639

The route-collaboration improvement process can be seen as an extension of the640

subproblem discussed in section 4.1. Firstly, we identify all demand points that fall641

into “split visits” scenarios, indicating they are served by at least two routes within642

the current solution. We then find the subset of routes that visit these demand points.643

For each route in this subset, the visiting sequence is fixed. The lower/upper bound644

of the single monitoring time, and the total (original) monitoring requirement of each645
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demand point on the route are known. The route-collaboration improvement aims to646

optimally adjust the frequency F ∗
r and corresponding single monitoring time Eir for647

all these routes simultaneously. Essentially, this process implicitly searches for the648

optimal decomposition of the monitoring requirement for a demand point among the649

given subset of routes.650

We formulate this problem as a small linear programming problem, as outlined in651

Appendix B. Whenever a new best solution is found during the ALNS search process, we652

employ the commercial solver Gurobi to precisely solve this small linear programming653

problem. This further enhances the quality of the solution obtained during the search654

process by our algorithm.655

4.2.6. Adaptive mechanisms and acceptance criterion656

In the ALNS, the destroy operators and repair operators are applied iteratively to657

generate new solutions. We adopt the Roulette Wheel principle as the adaptive mecha-658

nism during the search process. Initially, each destroy or repair operator is assigned an659

equal probability of selection, 1/8 and 1/4 respectively, since the potential performance660

of operators is unknown. The probability is updated to the weighted score gained ev-661

ery η iterations. Let f(Sbest), f(Scurrent), and f(Snew) denote the costs of the objective662

functions for the best solution, current solution, and new solution, respectively. If a new663

best solution is generated, both the destroy and repair operator used in that iteration664

are assigned a score of σ1+(f(Snew)− f(Scurrent))× 100/f(Sbest). If a solution is found665

better than the current but not the best solution, the score of the operator is assigned666

a score of σ2 − (f(Snew) − f(Sbest)) × 100/f(Sbest). If the solution is worse than the667

current solution but accepted by the acceptance criterion, the score is assigned a score668

of σ3. Under this mechanism, operators that contribute more in every η iterations will669

have a higher probability of being selected in the next η iterations.670

Metropolis criteria is applied as the acceptance criterion, which provides the op-671

portunity to avoid getting trapped in a local optimum. When f(Snew) < f(Scurrent),672

the new solution is accepted immediately. Otherwise, the ALNS algorithm assigns a673

probability of e(f(Snew)−f(Scurrent))/T to accept the solution, where T is a non-negative674

current temperature. T is initially set to T0, and it decreases at a determined cool-675

ing rate 0 < α < 1 after every iteration. As the iterative process progresses and the676

temperature cools down, the probability of accepting a poor solution decreases.677

When the preset maximum number of iterations is reached, the algorithm returns the678

best solution found. The general structure of our tailored ALNS algorithm is presented679

in algorithm 3.680
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Algorithm 3 The general structure of tailored ALNS algorithm

1: Initialization: A feasible initial solution Sinitial

2: Initialize probabilities associated with the operators
3: Sbest ← Scurrent ← Sinitial, i← 1, T ← T0

4: repeat
5: Select a destroy and a repair operator using the roulette wheel selection
6: Sto improve ← repair(destroy(Scurrent))
7: Snew ← post− repair improve(Sto improve)
8: if f(Snew) < f(Scurrent) then
9: Scurrent ← Snew

10: if f(Snew) < f(Sbest) then
11: Sbest ← Snew

12: if at least one demand point is served by multiple routes then
13: Sbest ← route− collabaration improve(Sbest)
14: end if
15: end if
16: else
17: if rand[0, 1] < e(f(Snew)−f(Scurrent))/T then
18: Scurrent ← Snew

19: end if
20: end if
21: if i = η then
22: Update probabilities associated with the operators by adaptive mechanisms
23: i = 0
24: end if
25: T = αT, i = i+ 1
26: until total number of iterations is reached
27: return Sbest

5. Numerical experiments681

This section presents the results of computational experiments performed on both682

small and large instances to evaluate the performance of our tailored ALNS-based683

heuristic. For the small-scale instances, off-the-shelf commercial solvers can reach exact684

optimality, and we use these solutions to assess the quality of solutions obtained from685

Algorithm 3. For large-scale problems, the solver cannot provide any feasible results,686

and we can only obtain solutions from our algorithm.687

To gain further insights, we conducted a sensitivity test by varying the cost and the688

UAV battery-constrained maximum flight time q of UAV. This allows us to examine the689

impact of parameter changes on both the total cost and the number of service routes690

employed in the solution. Additionally, we also investigate the effect of allowing “split691

visits” (multiple UAVs on different routes serving the same monitoring site or demand692

point) on the cost and solution pattern for both uniform demand and cluster demand.693
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The proposed algorithm is implemented in Python. All experiments are conducted694

on a machine with Apple M1 3.2 GHz processor and 16GB RAM. Gurobi v9.5.2 is used695

in the Python environment for obtaining the exact optimal solutions.696

5.1. Paramater Setting697

Referring to the Consumer Drones from DJI (2023), the battery-constrained max-698

imum flight time of the UAV is limited to 30 minutes. Considering that the real699

trajectory of the UAV is longer than the Euclidean distance on the map, the “nomi-700

nal” average flight speed between two points is assumed 10 kilometers per hour. The701

cost-related constants are (cR, cS, cC , cO) = (12× 104, 20× 104, 15, 6).702

We refer to the parameter tables from Koç (2016) and Wang et al. (2020) to fine-703

tune the parameters of our tailored ALNS algorithm. The parameters we use in our704

algorithm are provided in Table 3.705

Table 3 Parameters used in the tailored ALNS.

Description Typical values

Maximum number of iteration Nmax 10000

Number of iterations for roulette wheel η 50

Roulette wheel parameter ρ 0.3

Score for new best solution σ1 5

Score for improving the current solution σ2 3

Score for accepting a worse solution σ3 1

Startup temperature T0 1000

Cooling rate α 0.999

We denote the above set of parameters as “Setting A”. In the subsequent compu-706

tational experiments, we also employed two additional parameter sets. In “Setting B”,707

all parameters remain the same as in “Setting A”, except for the battery-constrained708

maximum flight time of the UAV, which is doubled to 60 minutes. In “Setting C”, all709

parameters remain the same as in “Setting A”, except that the cost of a new route is710

reduced to one-sixth of the original value, i.e., cR = 2× 104.711

5.2. Small-scale problems712

Initially, we generate small-scale instances by selecting densely populated areas in713

urban Hong Kong. Each instance covers a rectangular area of approximately four square714

kilometers. The target demand points to be monitored are metro stations within the715

area, while existing police stations serve as potential depots for UAVs. The latitude716

and longitude coordinates of these points are obtained from Google Maps and then717

converted into Cartesian coordinates (x, y).718

We create four small-scale instances, varying in the number of demand points from719

four to eight and the number of depots from two to six. The monitoring requirements720
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for each demand point are randomly generated between zero and one. The lower bound721

of the single monitoring time of the UAV at each demand point is randomly selected722

from one to three minutes, while the upper bound is a random integer between two and723

seven minutes (should ensure that it is larger than the lower bound).724

To expand our experimental dataset, we empoly the following approach. First, we725

randomly generate coordinates for demand points and depots within a rectangular area726

of the same size as the previously mentioned instances, thereby creating additional727

instances. Secondly, for instances with no more than six demand points, we test three728

different parameter settings (i.e., “Setting A”, “Setting B”, “Setting C”). This results729

in a total of twenty-six small-scale instances, named as “DxSy-nz”, where x represents730

the number of demand points, y denotes the number of candidate depots, n indicates731

the instance index, and z signifies the parameter setting (as shown in Table 4).732

Table 4 presents the total cost and CPU time for the test instances using Gurobi733

and our ALNS-based heuristic. It also reports the number of routes used in the opti-734

mal solution found. Due to the stochastic nature of the search process, each instance735

is solved five times using the ALNS-based heuristic, and the table displays the best736

solution values and total CPU time for these five runs. Out of the twenty-six instances737

tested, Gurobi fails to find or prove the optimal solution within 10 hours for five of738

them. However, our ALNS algorithm consistently produces solutions of at least the739

same quality as those obtained by Gurobi for all twenty-six instances.740

The computation time using Gurobi tends to exhibit exponential growth with the741

number of demand points and candidate depots. Additionally, even for the same in-742

stance, the time required to obtain the exact optimal solution can vary from several743

seconds to several thousand seconds or longer. In contrast, our ALNS algorithm demon-744

strates stable running times, all within half a minute for the instances tested.745

In instance D9S6-1A, we observe that our algorithm could even find a better solution746

compared to the best solution obtained by running the commercial solver for 10 hours.747

Both solutions share the same decisions regarding activated depots and route paths,748

but they slightly differ in the frequency and single monitoring time of some demand749

points on a specific route. This discrepancy can be attributed to the effectiveness of750

the Frequency-Time-Frequency Strategy proposed in Section 4.1, which enables us to751

identify the exact optimal frequency and single monitoring time for each route, thereby752

significantly reducing the search space. Conversely, when Gurobi is employed to directly753

solve the MIQCP in Section 3.2, it may struggle to fully comprehend the problem’s754

characteristics, decompose it appropriately, and recognize that the subproblem is a755

linear problem. The result of both solutions is depicted in Figure 2.756
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Table 4 Comparison of the results for small-scale instances.

Instance Gurobi
total
cost
(104)

Gurobi
CPU
time
(sec)

Gurobi
# of
routes

ALNS
total
cost
(104)

Cost
gap
(%)c

ALNS
CPU
time
(sec)d

ALNS
# of
routes

D4S2-1Aa 66.12 1.59 2 66.12 0.00 13.08 2

D4S2-1Ba 63.67 2.08 1 63.67 0.00 13.91 1

D4S2-1Ca 45.10 201.94 3 45.10 0.00 14.93 3

D4S2-2A 167.37 8.48 3 167.37 0.00 13.81 3

D4S2-2B 137.68 5119.89 2 137.68 0.00 13.54 2

D4S2-2C 132.78 27.07 4 132.78 0.00 13.49 4

D4S2-3A 123.55 14.87 2 123.55 0.00 13.48 2

D4S2-3B 100.59 285.49 2 100.59 0.00 13.97 2

D4S2-3C 92.87 25.74 4 92.87 0.00 13.37 4

D4S2-4A 118.49 7.97 2 118.49 0.00 13.15 2

D4S2-4B 99.94 94.45 2 99.94 0.00 14.20 2

D4S2-4C 88.75 27.44 3 88.75 0.00 13.97 3

D4S2-5A 117.78 12.97 2 117.78 0.00 14.40 2

D4S2-5B 97.22 111.65 2 97.22 0.00 13.89 2

D4S2-5C 87.70 48.04 4 87.70 0.00 14.35 4

D5S2-1A 164.22 60.53 4 164.22 0.00 15.49 4

D5S2-1B 117.49b 10 hr 2 117.49 0.00 15.46 2

D5S2-1C 124.22 141.48 4 124.22 0.00 15.79 4

D5S2-2A 92.37 667.35 2 92.37 0.00 14.96 2

D5S2-2B 84.95 3186.69 1 84.95 0.00 15.07 1

D5S2-2C 70.54b 10 hr 3 70.54 0.00 16.76 3

D6S2-1Aa 122.66 381.45 3 122.66 0.00 16.43 3

D6S2-1Ba 99.35b 10 hr 2 99.35 0.00 18.99 2

D6S2-1Ca 91.93 895.42 4 91.93 0.00 18.91 4

D8S3-1Aa 126.37b 10 hr 3 126.37 0.00 21.54 3

D9S6-1Aa 176.40b 10 hr 4 176.26 -0.08 24.46 4
a Coordinates are generated based on Hong Kong real-world scenarios.
b Values obtained at the end of the 10 h running time.
c Cost gap (%) = Cost(ALNS)−Cost(Gurobi)

Cost(Gurobi) ∗ 100%.
d For each instance, we report the total time for 5 runs of our ALNS algorithm.

Figure 3 illustrates the results obtained for another typical small-scale instance,757

D8S3-1A. For this instance, both Gurobi and ALNS yield consistent solutions. In this758
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network with eight demand points and three candidate depots, one depot is chosen to759

be activated, and three UAV service routes originate from it. It can also be observed760

that one demand point with a high monitoring requirement (h6 = 0.82) is served by761

two routes together, aiming to enhance UAV operational efficiency and reduce costs.762

Fig. 2. Result of small-scale instance D9S6-1A. The solutions obtained from Gurobi and
ALNS differ in the frequency and single monitoring time of some demand points on route 3.
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Fig. 3. Result of small-scale instance D8S3-1A. Both Gurobi and ALNS yield consistent
solutions. Demand point D6 is served by two routes.

5.3. Large-scale case study763

In addition to the small-scale instances, we conduct a large-scale case study to mon-764

itor the traffic flow in the Kowloon district of Hong Kong. Given the district’s extensive765

network of arterial roads, monitoring the entrances and exits of these roads is crucial for766

mitigating congestion and reducing traffic accidents. Unmanned aerial vehicles (UAVs)767

offer an efficient means of monitoring these areas, as they provide a bird’s-eye view768

of the traffic flow that is difficult to achieve with ground-based monitoring systems.769

Moreover, the use of UAVs can provide a clear view of the surrounding traffic flow, par-770

ticularly in areas where entrances and exits are located on overpasses. Our objective in771

this case study is to identify an optimal UAV monitoring network that can effectively772

monitor all demand points while minimizing total cost.773

We collect the real longitude and latitude coordinates of all 119 entrances and exits774

of these arterial roads from Google Maps as demand points, while all 24 police stations775

in the area are designated as candidate depots (Figure 4). All parameter settings are776

consistent with “Setting A” mentioned in previous sub-chapters.777
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Fig. 4. Distribution of entrances/exits and police stations in Kowloon, Hong Kong.

Given a time limit of 10 hours, the commercial solver Gurobi fails to provide any778

feasible solutions for this large-scale case. We used the proposed ALNS-based heuristic779

to solve this problem 10 times. The best and average values of the objective function780

are 940.95 × 104 and 969.56 × 104, respectively, with a standard deviation of 17.99,781

indicating that our algorithm’s performance is relatively stable. The average CPU time782

is 147.63 seconds, with a standard deviation of 3.21. Upon analyzing the final results783

of the 10 runs, we find that these solutions activate five to six depots and use 14 to 17784

service routes, with the number of demand points under a split-visit scenario varying785

from 9 to 23. A typical example of a solution generated by our proposed ALNS-based786

heuristic is presented in Figure 5. These results demonstrate the effectiveness of our787

heuristic in solving real-world large-scale UAV monitoring design problems.788
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Fig. 5. An example of solution generated by ALNS-based heuristic for the large-scale case.
In this solution, 4 depots are activated and 16 routes are used. 14 demand points are under
a split-visit scenario. The objective function value is 940.95× 104.

We also assess the efficiency of each operator individually in our ALNS algorithm789

through the large-scale case study. The approach used by Naccache et al. (2018) is790

adopted as our reference method. We start with removal operators by executing the791

algorithm for 10 runs with all removal operators except one at a time. The outcomes792

of this analysis are detailed in Table 5. Similarly, we conduct the same analysis for793

the repair operators, and the corresponding results are presented in Table 6. It is794

evident that the omission of any one of the destroy or repair operators will result in795

a decline in the solution’s quality, therefore, we conclude that no operator appears to796

be redundant within our algorithm. The results clearly indicate that our selection of797

operators effectively balances the search process by combining strength and diversity.798

Additionally, the success of our informatively proposed operators underscores their799

reliance on the problem’s feature design.800
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Table 5 Quality of the solution when using all but one destroy operator.

Used removal operator Best Total
Cost (104)

Average Total
Cost (104)

Average CPU
Time (sec)

All 940.95 969.56 147.63

No Random Removal 959.25 993.75 195.58

No Worst Cost Removal 943.39 981.63 138.46

No Route Removal 959.58 973.26 173.81

No Depot Removal 945.99 986.94 159.50

No Zone Removal 963.52 992.35 136.67

No Reduction Removal 953.21 977.68 171.50

No k-Reduction Removal 958.27 981.06 152.32

No Excess Service Removal 957.07 982.70 170.65

Table 6 Quality of the solution when using all but one repair operator.

Used repair operator Best Total
Cost (104)

Average Total
Cost (104)

Average CPU
Time (sec)

All 940.95 969.56 147.63

No Greedy Insertion 981.42 1012.67 180.67

No Greedy Insertion with Noise 951.04 981.29 223.98

No Second-best Insertion 964.89 983.94 146.30

No Second-best Insertion with Noise 948.41 980.04 140.48

5.4. Battery and Cost801

In this subchapter, we proceed to conduct sensitivity tests regarding the cost and802

UAV battery-constrained maximum flight time q.803

We first examine the impact of UAV battery capacity on the monitoring network.804

From the results table for small-scale instances (Table 4), it is observed that doubling805

the battery-constrained maximum flight time of the UAV to 60 minutes resulted in806

total cost savings ranging from 3.7% to 28.5% across the eight small-scale cases. These807

savings could be attributed to three key factors. Firstly, a larger battery capacity808

enhances the maneuverability and flexibility of the UAV, enabling it to provide services809

to more distant demand points or extend the duration of service for a specific demand810

point. Secondly, longer flight times potentially result in fewer routes needed in the811

network. Among the eight small-scale instances, when q is doubled, the best-obtained812

solutions for five instances utilize one to two fewer routes, while the number of routes813

remains unchanged for the remaining three instances. This streamlines the service814

network and reduces route costs. Furthermore, longer flight times lead to less frequent815

battery replacements and maintenance, resulting in lower operating costs.816
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Figure 6 illustrates the overall trend of the total cost and the number of routes used817

by the network as the battery-constrained maximum flight time of the UAV increases.818

It is based on the large-scale case discussed in subchapter 5.3, and each case is run for819

10 times.820

Fig. 6. Total cost and number of routes in the large-scale network at different setting of
battery-constrained maximum flight time (q).

We also present the impact of route cost (cR), which represents the management cost821

of each new route in the network, on the monitoring network. As shown in table 4, when822

the route cost is reduced from 12×104 to 1/6 of the original value (i.e., 2×104), the eight823

small-scale instances exhibit cost savings ranging from 20.7 percent to 31.8 percent.824

Simultaneously, six instances utilize 1 or 2 additional routes, while the remaining two825

instances maintain the same number of routes used. Note that without considering the826

route cost, the model may yield a solution with more routes, which can significantly827

increase the complexity of the network and pose substantial operational challenges for828

the service provider. Figure 7 illustrates the overall trend of the total cost and the829

number of routes used by the network as the route cost increases. It is also based on830

the large-scale case discussed in subchapter 5.3, and each case is run for 10 times.831
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Fig. 7. Total cost and number of routes in the large-scale network at different setting of
route cost (cR).

5.5. Split visits and cluster demand832

As mentioned in previous chapters, our model allows for the decomposition and833

satisfaction of a demand point’s monitoring service by UAVs from multiple routes,834

including routes originating from different depots. We refer to this type of service835

scenario as a “split visit”. However, in certain practical applications, due to objective836

conditions and operational requirements, some service forms do not permit “split visits”.837

This means that each demand point can only be served by a UAV on a single route.838

Such service requirements impose limitations on the flexibility of monitoring network839

design.840

In the following discussion, we aim to compare these two service scenarios and841

explore the potential efficiency loss in UAV operations resulting from a service form842

that prohibits “split visits”. We examine the percentage of cost savings and the impact843

on the solution pattern that “split visits” offer, thereby gauging the extent of efficiency844

reduction.845

We consider both uniform and cluster distribution for the demand points. In the846

cluster distribution case, 25 demand points and three candidate depots are scattered in847

each of the four quadrants, resulting in a total of 100 demand points and 12 candidate848

depots. Each quadrant is a 6 km × 6 km square, and the demand points and candidate849

depots are randomly located in a circle with a radius of 2 km around the center of850

the quadrant. In the uniform distribution case, 100 demand points and 12 candidate851

depots are randomly scattered in a circle with a radius of 4 km.852

The monitoring requirement and the lower/upper bound of the single monitoring853

time are determined using the same way as before. All parameter settings remain con-854

sistent with “Setting A” as discussed in previous sub-chapters, except for the battery-855

constrained maximum flight time of the UAV. Specifically, it is set to 1.2 times the856

required flight time between the two farthest-spaced points in the network. This ad-857

justment ensures that each randomly generated instance yields feasible solutions.858

We generated 50 instances for each distribution case. For each instance, we con-859

sidered both service scenarios: allowing “split visits” and disallowing “split visits”860
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(meaning a demand point could only be served by UAVs from the same routes). We861

solved each scenario 10 times using our proposed ALNS-based heuristic algorithm.862

The boxplots of Figures 8 and 9 show the best total cost and average total cost863

of 10 runs from the 50 instances of uniform and cluster distribution, respectively. In864

each graph, the first boxplot corresponds to the scenario without “split visits”, and the865

second one is the scenario with “split visits”. On average, allowing split visits leads866

to the best total cost savings of approximately 2.37% and 5.14%, and average total867

cost savings of approximately 2.17% and 5.00% for uniformly and cluster distributed868

demand points respectively. It is not difficult to understand that the instances with869

cluster distribution demonstrate more significant cost savings through the implemen-870

tation of “split visits”. In comparison to the uniform distribution, each cluster in the871

cluster distribution contains fewer demand points for a route to select, and the mon-872

itoring requirements exhibit greater variation. Consequently, when “split visits” are873

not allowed, a less optimal demand point must be chosen to be visited by the route,874

resulting in a greater loss of UAV operational efficiency.875

Fig. 8. Split visits are allowed vs. not allowed in terms of (a) best total cost (b) average
total cost for uniformly distributed demand points.
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Fig. 9. Split visits are allowed vs. not allowed in terms of (a) best total cost (b) average
total cost for cluster distributed demand points.

Upon examining the UAV service route pattern in the optimal solution for each876

instance of cluster-distributed demand points, we discover that regardless of whether877

split visits are allowed or not, each route exclusively connects depots and demand points878

within the same quadrant. There are no cross-region routes identified in any of the879

instances. This pattern can be attributed to the fact that the operating cost of UAVs880

in the air is primarily determined by battery consumption or flight time. To maximize881

UAV efficiency, the monitoring service provider aims to serve demand points within882

their respective surrounding areas, in order to optimize the ratio of monitoring time to883

total flight time. Deploying a UAV to fly to another cluster may not be cost-effective,884

especially when the clusters of demand points are located far apart. Figure 10 displays885

the results of a representative instance with cluster-distributed demand points, obtained886

using our ALNS-based heuristic algorithm for both scenarios – with and without split887

visits. The total cost is 908.35× 104 and 1005.7× 104, respectively.888

35



Fig. 10. Result of a instance with cluster-distributed demand points for scenarios (a) with
split visits (total cost: 908.35× 104) (b) without split visits (total cost: 1005.70× 104).

6. Conclusion and future research889

In this paper, we proposed a mixed-integer quadratically constrained programming890

model for the problem of designing an urban UAV monitoring network. The model891

considers the monitoring requirement and the single monitoring time of each demand892

point, as well as various aspects of construction, management, and operation costs.893

This research can help the monitoring service providers in cities to find a set of service894

routes and the corresponding depots that minimize the total cost while satisfying the895

monitoring requirement of each demand point.896

To solve the problem, we decomposed it into a master problem and sub-problems.897

We proposed the Frequency-Time-Frequency Strategy, which is proven to find the op-898

timal frequency and corresponding single service time for a route, nested within a pro-899

posed adaptive large neighborhood search (ALNS) based heuristic algorithm to solve900

the master problem. A series of computational experiments have shown the effectiveness901

of the proposed algorithm. We also demonstrated the applicability of our model and902

algorithm in a real-world case study of monitoring traffic flow in the Kowloon district903

of Hong Kong.904

We conducted sensitivity tests to examine the effects of parameter changes on the905

total cost and the number of service routes in the solution, focusing on the route cost906

and the UAV battery-constrained maximum flight time. Additionally, we investigated907

the impact of split visits on the solution pattern. Results showed that allowing split908

visits can result in an average cost savings of approximately 2% and 5% for uniformly909

and cluster distributed demand points respectively. We also observed that when the910

demand point is cluster distribution, the routes tend to only provide monitoring services911
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to the demand points within one cluster in order to optimize the ratio of monitoring912

time to total flight time.913

This paper illustrates the potential of using UAVs for daily monitoring networks914

in urban environments, and future research can expand in several directions. Firstly,915

the proposed model and algorithm assume that the monitoring requirements of de-916

mand points are deterministic and homogeneous in time. However, future research917

can modify the model and algorithm to handle dynamic monitoring scenarios, where918

monitoring requirements at demand points change over time. This can be achieved919

by incorporating predictive models of demand point behavior and using real-time data920

to adjust the monitoring network accordingly. Secondly, although this paper focuses921

on network design at the planning level, future research can extend the approach to922

route optimization in the operation phase to determine the operating schedule and the923

number of UAVs required for route coordination. Thirdly, the integration with other924

existing ground monitoring facilities can be considered, and the entire network can be925

optimized by using a multi-modal optimization method. These research directions can926

further enhance the effectiveness and efficiency of UAV monitoring network design in927

urban areas and contribute to the development of more efficient and effective solutions928

for real-world applications.929
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943

Appendix A Optimality of Frequency-Time-Frequency strategy944

By denoting the total en-route time between the nodes as
∑

dij (since the vehicle945

routing is fixed) and the time for monitoring tallowed = q−
∑

dij, The sub-problem can946

be formulated as a minimization problem as follows:947

minw(cCF + cOFT ) = minw(cC + cO
∑

dij)F +
∑
i∈Ir

wcOEiF

= minαF +
∑
i∈Ir

βEiF
(24)
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where we let α = w(cC + cO
∑

dij), β = wcO and is subject to948

−EiF + hi ≤ 0, ∀i ∈ Ir (25)
949

li − Ei ≤ 0,∀i ∈ Ir (26)
950

Ei − ui ≤ 0,∀i ∈ Ir (27)

∑
i∈Ir

Ei − tallowed ≤ 0 (28)

951

−F ≤ 0 (29)

Note that since the Hessian matrix is not semi-positive definite, the objective func-952

tion (24) is non-convex (also non-linear). However, by simply denoting Yi = EiF, ∀i ∈953

Ir, it can be converted to the following linear problem.954

minαf +
∑
i∈Ir

βYi (30)

s.t.955

−Yi + hi ≤ 0,∀i ∈ Ir (31)
956

liF − Yi ≤ 0,∀i ∈ Ir (32)
957

Yi − uiF ≤ 0, ∀i ∈ Ir (33)

∑
i∈Ir

Yi − tallowedF ≤ 0 (34)

958

−F ≤ 0 (35)

A linear optimization problem satisfies the linear constraint qualification, thus its959

optimal solution must satisfy the Karush–Kuhn–Tucker conditions, i.e. equation (31) -960

(35) and,961

λ1,i(−Yi + hi) = 0,∀i ∈ Ir (36)
962

λ2,i(liF − Yi) = 0,∀i ∈ Ir (37)
963

λ3,i(Yi − uiF ) = 0,∀i ∈ Ir (38)

λ4(
∑
i∈Ir

Yi − tallowedF ) = 0 (39)

λ5(−F ) = 0 (40)

∂L

∂F
= α +

∑
i∈Ir

λ2,ili −
∑
i∈Ir

λ3,iui − λ4tallowed − λ5 = 0 (41)
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964

∂L

∂Yi

= β − λ1,i − λ2,i + λ3,i + λ4 = 0,∀i ∈ Ir (42)

where λ1,i, λ2,i, λ3,i, λ4, λ5 ≥ 0, ,∀i ∈ Ir965

First of all, we divide the problem into two cases according to whether λ4 is greater966

than 0.967

Case 1. λ4 > 0.968

This implies that
∑

i∈Ir Yi − tallowedF = 0 from equation (39) and we can generate
a series of solutions. In such a case, the objective function can be modified as

minαf +
∑
i∈Ir

βYi = αF + βtallowedF

Within this set of solutions, the objective function is only strictly increasing with969

the frequency of the route F , therefore we need to minimize the frequency F within970

the feasible region to get the candidate optimal solution.971

Case 2. λ4 = 0.972

Under this case, we first observe that it is necessary that λ5 = 0, since otherwise973

F = 0 and constraints (33) will be violated. This indicates that F > 0.974

Moreover, it can be readily derived that it is not possible for all of the λ3,i, ∀i ∈ Ir975

to be zero simultaneously, since otherwise equation (41) will never hold.976

With the above in mind, we only need to consider two cases: some λ3,i are zero and977

some are not; and all λ3,i are larger than zero. This further divides Case 2 into two978

sub-cases namely Case 2a and Case 2b.979

Case 2a. Some of the λ3,i, i ∈ Ir are zero, but not all of them. For the demand980

point i with λ3,i > 0, we have Yi = uiF from equation (38). For the rest of the demand981

point i with λ3,i = 0, to make the corresponding equation (42) hold, we must have982

either λ1,i > 0 and that indicates Yi = hi from equation (36) or λ2,i > 0 and that983

indicates Yi = lif from equation (37) . Therefore, we generate a series of solutions.984

In such a case, the objective function can be modified as

minαF +
∑
i∈Ir

βYi = αF + β
∑

i∈Ir:λ3,i=0

uiF + β
∑

i∈Ir:λ1,i=0

hi + β
∑

i∈Ir:λ2,i ̸=0

liF

Within this set of solutions, the objective function is only strictly increasing with985

the frequency of the route F , therefore we need to minimize the frequency F within986

the feasible region to get the candidate optimal solution.987

Case 2b. All of the λ3,i, i ∈ Ir are larger than zero. This indicates that F = Yi =
uiF, ∀i ∈ Ir. In such a case, the objective function can be modified as

minαF +
∑
i∈Ir

βYi = αF + β
∑
i∈Ir

uiF

Within this set of solutions, the objective function is also only strictly increasing988

with the frequency of the route F , therefore we need to minimize the frequency F989

within the feasible region to get the candidate optimal solution.990
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To conclude, the optimal solution is the solution minimizing the frequency F within991

the feasible region.992

We now explain why the solution obtained by the Frequency-Time-Frequency Strat-993

egy in Section 4.1 is optimal. First, Step-1 and Step-2 together generate an initial solu-994

tion with its frequency to be the minimum frequency considering all constraints except995

for the battery-allowance (28). This initial solution is optimal solution if it is feasible996

in terms of battery-allowance. If this solution is not feasible, the algorithm then moves997

between adjacent candidate optimal solutions by iteratively increasing the frequency998

through Step-3 and Step-4 and stops when it achieves the optimum. Here is a easy999

way to further check the optimality of the solution obtained by the Frequency-Time-1000

Frequency Strategy with a frequency F ∗. The reader can easily derive that, any solution1001

with a frequency F < F ∗ is infeasible, and any solution with a frequency F > F ∗ will1002

encounter a higher cost in the objective function.1003

Appendix B The route-collaboration improvement problem1004

We begin by identifying all demand points that are served by at least two routes.1005

We denote the set of all these routes as Rc. The demand points visited by route r ∈ Rc1006

are represented as i, j, . . . ∈ Ir. The union of these sets Ir is denoted as Ic, which1007

includes all the demand points under consideration. Additionally, we define the total1008

en-route time between nodes as (
∑

dij)r (since the vehicle routing is fixed) and the1009

time allocated for monitoring as Tallowed, r = q − (
∑

dij)r.1010

The route-collaboration improvement problem can then be formulated as a mini-1011

mization problem, stated as follows:1012

min
∑
r∈Rc

w(Frc
C + FrTrc

O) = min
∑
r∈Rc

w(cC + cO(
∑

dij)r)Fr +
∑
r∈Rc

∑
i∈Ir

wcOEirFr

= min
∑
r∈Rc

αrFr +
∑
r∈Rc

∑
i∈Ir

βEirFr

(43)

where we let αr = w(cC + cO(
∑

dij)r), β = wcO and is subject to1013

−
∑
r∈Rc

EirFr + hi ≤ 0,∀i ∈ Ic (44)

1014

li − Eir ≤ 0,∀r ∈ Rc,∀i ∈ Ir (45)
1015

Eir − ui ≤ 0,∀r ∈ Rc,∀i ∈ Ir (46)

Eir = 0,∀r ∈ Rc, ∀i ∈ (Ic \ Ir) (47)

∑
i∈Ir

Eir − tallowed,r ≤ 0,∀r ∈ Rc (48)

40



1016

−Fr ≤ 0,∀r ∈ Rc (49)

By simply denoting Yir = EirFr,∀r ∈ Rc,∀i ∈ Ic, it can be converted to the following1017

linear problem.1018

min
∑
r∈Rc

αrFr +
∑
r∈Rc

∑
i∈Ir

βYir (50)

subject to1019

−
∑
r∈Rc

Yir + hi ≤ 0, ∀i ∈ Ic (51)

1020

liFr − Yir ≤ 0,∀r ∈ Rc, ∀i ∈ Ir (52)
1021

Yir − uiFr ≤ 0,∀r ∈ Rc,∀i ∈ Ir (53)

Yir = 0,∀r ∈ Rc,∀i ∈ (Ic \ Ir) (54)

∑
i∈Ir

Yir − tallowed,rFr ≤ 0,∀r ∈ Rc (55)

1022

−Fr ≤ 0,∀r ∈ Rc (56)

This linear problem is solved by the commercial solver Gurobi whenever a new best1023

solution is found during the ALNS search process.1024
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