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Abstract

Urban distribution refers to the distribution activities of goods serving urban areas
and suburbs. Recent technological advances in unmanned distribution fields, as well
as new regulations limiting the use of combustion engine vehicles, will significantly
change urban goods distribution. Besides, the new e-commerce business mode also
brings new opportunities and challenges to urban goods distribution. Combining the
above three new trends, this thesis designs and studies a van-based robot distribution
system to provide better services for urban logistics distribution.

We first introduce a van-based robot urban delivery system. This problem typically
applies on delivering parcels or other small commodities to pedestrianized areas such
as campuses or residential clusters. To model the proposed vehicle routing problem, we
introduce a mixed-integer programming and adopt column generation to get a better
lower bound. We further propose construction heuristics and a hybrid metaheuristic
approach with backtracking for solving larger instances. A sensitivity analysis for vehi-
cle speed combinations reveals that increasing robot speeds has only very limited cost
effects. We therefore recommend to keep robot speeds rather low because of a more
pedestrian-friendly environment in practical implementations.

Then, we incorporate electric vehicles, en-route charging, and reverse charging tech-
nology into the van-based robot urban delivery system in logistics operations. The time
during which electric vans are carrying robots can be used effectively to recharge the
robots, thereby increasing distribution systems’ efficiency. To model the proposed sys-
tem, we present a mixed-integer programming. We note that the energy transfer from
a van to its robot needs time and will cause the available travel distance of a van to de-
crease and that of a robot to increase. Focusing on the new time-distance-energy trade-
off problem, which increases the difficulty of checking any given route’s feasibility, we
further propose a greedy route evaluation approach and a linear programming-based
route evaluation method. An adaptive large neighborhood search algorithm is pre-
sented for solving larger instances. A sensitivity analysis for vehicle charging modes,
maximum battery capacities, and charging rate shows that using en-route charging
while appropriately increasing battery level and charging rate can have useful cost ef-
fects.

Finally, we incorporate hybrid pickup and delivery operations into the van-based
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robot urban distribution system to adapt to the new business model of e-commerce en-
terprises. Five van/robot pickup and delivery modes are introduced, according to the
van/robot’s roles in the process of pickup/delivery and whether the van helps to trans-
port its robot. To model the proposed problem, we introduce a mixed-integer program-
ming in detail, especially for the new freight flow constraints and position constraints
that emerged from the hybrid pickup and delivery operation in the van-based robot
system. We further propose an adaptive large neighborhood search algorithm to solve
larger instances and a capacity feasibility test approach for a single route. Then we as-
sess the influence of parking node density on model output. A case study based on a
realistic city scene is introduced. A sensitivity analysis on the robot’s travel cost rate
and maximum travel distances, as well as compared the van no-go area’s effect on our
model is conducted. Two classical models have been compared with our model, and
results show the 2E-VRHPD model is competitive in appropriate scenarios settings.

Overall, through this thesis’s research, we have established a framework that van-
based robot distribution system. We have developed the methodologies to solve this
kind of problem. Furthermore, we have put forward some suggestions for enterprises
to use the van-based robot distribution system after our computational study experi-
ments.

Keywords: Innovative last mile distribution; Mothership based robot services; Elec-
tric vehicle routing; En-route charging; Hybrid pickup and delivery
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Résumé

La distribution urbaine fait référence aux activités de distribution des biens qui desser-
vent les zones urbaines et les banlieues. Les progres technologiques récents dans champs
de distribution sans pilote et la limite d’utilisation des véhicules a moteur thermique
par les nouvelles réglementations modifieront considérablement la distribution des bi-
ens urbains. Un nouveau modele commercial de site e-commerce apporte également de
nouvelles opportunités et défis a la distribution de biens urbains. Combinant les trois
nouvelles tendances ci-dessus, cette these congoit et étudie un systeme de distribution
robotisé basé sur des fourgons pour fournir de meilleurs services pour la distribution
de la logistique urbaine.

Nous introduisons d’abord un systeme de livraison urbaine de robot qui est basé sur
une fourgonnette. Ce systéme pose des problemes qui s’appliquent généralement a la
livraison de colis ou d’autres petits produits aux zones piétonnieres telles que les cam-
pus ou les groupes d’habitations. Pour modéliser le probleme de routage de véhicule
proposé, nous introduisons un programme d’entiers mixtes et adoptons la génération
de colonnes pour obtenir une meilleure borne inférieure. Nous proposons en outre des
constructions heuristiques et une approche métaheuristique hybride avec un retour en
arriere pour résoudre des cas plus importants. Une analyse pour la sensibilité des com-
binaisons de vitesse de véhicule révele que I'augmentation de la vitesse du robot n’a
que des effets de cotit trés limités. Nous recommandons de maintenir la vitesse du
robot a un niveau bas en raison d’un environnement plus convivial pour les piétons
dans les implémentations pratiques.

Ensuite, nous intégrons les véhicules électriques, la recharge en route et la tech-
nologie de recharge inversée dans le systeme de livraison urbaine robotisé par la four-
gonnette dans les opérations logistiques. Pendant le temps pour lequel les fourgons
électriques transportent des robots peut étre utilisé efficacement sur les recharges des
robots, ainsi fait I'augmentation de l'efficacité des systemes de distribution. Pour mod-
éliser le systéme proposé, nous présentons un programme d’entiers mixtes. On con-
state que le transfert d’énergie d"une fourgonnette vers son robot nécessite du temps
et entrainera une diminution de la distance de déplacement disponible d’un fourgon,
par contre celui entraine une augmentation de déplacement d’un robot. Nous concen-
trons sur le nouveau probleme de compromis temps-distance-énergie, qui augmente la

difficulté de vérifier la faisabilité d"un itinéraire donné, nous proposons une approche
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d’évaluation d’itinéraire gourmande et une méthode d’évaluation d’itinéraire basée sur
la programmation linéaire. Un algorithme de recherche adaptatif de grand voisinage
est présenté pour résoudre des instances plus importantes. Une analyse de sensibilité
pour les modes de charge des véhicules, les capacités maximales de la batterie et le
taux de charge montre que l'utilisation de la charge en route permet d’augmenter de
maniere appropriée le niveau de la batterie et le taux de charge, qui conduisent des
effets bénéficiaires de cofit.

Enfin, Pour s’adapter au nouveau modele économique des entreprises de commerce
électronique, nous intégrons des opérations de ramassage et de livraison hybrides dans
le systéeme de distribution urbaine de robots basés sur des fourgons. Selon les roles
du fourgon/robot dans le processus de ramassage/livraison et si le fourgon aide a
transporter son robot. Cinq modes de ramassage et de livraison de fourgon/robot sont
introduits. Pour modéliser le probleme proposé, nous avons détaillé un programme
d’entiers mixtes, en particulier pour les nouvelles contraintes de flux de marchandises
et les contraintes de position qui ont émergé de 'opération hybride de ramassage et
de livraison dans le systeme de robot basé sur fourgonnette. Nous proposons un al-
gorithme de recherche adaptatif de grand voisinage pour résoudre des instances plus
importantes et une approche de test de faisabilité de capacité pour un seul itinéraire,
puis nous évaluons l'influence de la densité des nceuds de stationnement sur la sortie
du modele. Une étude basée sur une scéne de ville réaliste est introduite. Une analyse
de sensibilité sur le taux de cofit de voyage du robot et les distances de déplacement
maximales, ainsi que la comparaison de 1'effet de la zone de no-go des fourgons sur
notre modele est réalisée. Deux modeles classiques ont été comparés a notre modele,
et les résultats montrent que le modele 2E-VRHPD est compétitif dans des scénarios
appropriés.

Dans 'ensemble, grace a cette recherche de thése, nous avons établi un cadre de
systeme de distribution de robot basé sur fourgonnette. Nous avons développé les
méthodologies pour résoudre ce genre de probléme. En outre, nous avons proposé aux
entreprises d’utiliser le systeme de distribution de robots basés sur des fourgons apreés
nos expériences d’études informatiques.

Mots-clés: Distribution innovante du dernier kilometre; Services de robots basés
sur le vaisseau mere; Routage de véhicules électriques; Recharge en route; Ramassage

et livraison hybrides
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Chapter 1

Introduction

In this introduction, we present the motivation of this work, and outline the structure
of this thesis.

1.1 Motivation

Over 50% of the world’s population is now living in cities. In Europe, 75% of European
citizens lived in urban areas (European Commission, 2014). This percentage is expected
to increase to over 80% by 2050. In some countries, the urbanization rate will rise to over
90%. Urban mobility accounts for 40% of all CO2 emissions from road transport and up
to 70% of other pollutants from transport (European Commission, 2015). Optimizing
urban transport has become an essential part of transport management as it will affect
the quality of life of increasingly more urban citizens.

Traditional urban logistics is a critical component of urban transport, but it is criti-
cized for causing traffic jams and urban pollution today. The rapid development of e-
commerce is driving a steady yet steep rise in parcel pickup/delivery demands. Global
B2C e-commerce turnover forecasted to reach over $2 trillion in 2019, and continues
growing steadily at around 11% (SAP, 2019). The rise of e-commerce has led to the
explosive growth of urban logistics. OECD predicts the urban freight road activity will
double from the year 2015 to the year 2050 (OECD, 2017). In parallel, rising labor costs
and restrictions on delivery-staff workhours are challenging logistic companies’ efforts
to provide customers with affordable, efficient and round-the-clock courier services.
Cities thus need to identify new delivery strategies to increase the quality of life of
their citizens while keeping traffic smooth and environmental pollution under control.

The developments of the communication technologies, sensor capabilities, the In-
ternet of Things (IoT), and artificial intelligence are making drones/robots smarter.
By leveraging drones and robots, many companies are developing new logistic sys-
tems that can change the competition landscape (Tang and Veelenturf, 2019). We ob-

served interest in freight distribution with drones/robots has surged in the past five
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years, producing a number of studies and tests on new automated logistics and dis-
tribution tools. For example, UPS tested home delivery via drones in Florida (Lithia,
2017). JD.com launched city delivery by robots in several Chinese universities and
districts in Beijing (Li, 2017; Gu, 2018). French start-up TwinswHeel is testing an un-
manned delivery robot with the ability to climb a certain sidewalk height to complete
last-mile delivery (Chevallier, 2017). Starship Technologies (Andrew, 2019) have im-
plemented autonomous distribution robots on campuses and in some residential areas.
Kiwi Coldewey, 2019 had used food delivery bots to deliver foods. Note that most
small fully-automated robots are electrically driven, helping reduce local emissions in
cities.

Drones are usually not subject to crowded traffic infrastructure and can carry lim-
ited goods serving limited ranges with fast speed (Bakach et al., 2020). However, in the
real world, the application of drones is restricted by a lot of factors. (i) Could lead to
more severe accidents. For example, when a fast-flying drone stalls, it will cause seri-
ous accidents in a city. (ii) Making more noise than cars (Christian and Cabell, 2017).
(iii) Drones are also often not allowed to visit no-fly zones, such as airports.

Robot delivery can overcome the above defects of drone delivery. Robots make less
noise than cars. Compared to the dangers of distribution with the drone to a slowly
moving robot, accidents caused by stalled robots are controllable. And robots can al-
ways deliver most of the areas. Hence, the delivery robot seems more pragmatic and
safer than drones. This thesis focuses on robot delivery in urban areas.

Also, public acceptance of the delivery robot is very high and positive. United States
Postal Service surveyed public opinion on delivery robots (USPS, 2018), and 70% of
interviewees would consider receiving deliveries from robots. Figure 1.1 is the public
opinion about delivery robots (USPS, 2018). Figure 1.1 shows that more than 50% of
interviewees believe delivery robots could offer a more flexible delivery experience,
and nearly 30% of interviewees would be willing to pay slightly more to receive those
benefits.

Most robots are electrically powered in real-world applications because electric robots
have no local pollutant emissions (Bektas et al., 2019). However, in the foreseeable fu-
ture, the robots” applications are limited by their limited travel distances and speed for
technical and safety reasons (Daimler, 2017).

Research question 1: How to overcome the shortages of robot delivery?

Research question 2: How to make the robot charging more efficiently?

With the continuous development of e-commerce, the business modes of e-commerce
companies have begun to diversify, and their distribution modes have also diversified.
The hybrid distribution business mode requires logistics companies to perform one-

to-one or one-to-many-to-one pickup and/or delivery services simultaneously, which
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FIGURE 1.1: Public opinion about delivery robots

poses new challenges to the design and optimization of the distribution system.

Research question 3: How to integrate multiple modes of pickup and delivery op-
erations to make the logistics distribution system more efficient?

We note the following technology development trend and business model distri-
bution trend of enterprises may help a lot in solving the three research questions. (i)
UPS tested home delivery via truck and robot in Florida as a move towards a more
automated delivery process (Lithia, 2017) (ii) Automotive companies have begun to
study mobile charging vans. NIO, an electric car company in China, is courting Tesla
owners with mobile charging stations inside electric vans (Fred, 2018). (iii) JD.com, an
e-commerce company in China, should deliver and pick up self-products and help in-
dividuals or individual stores (bricks and mortars or local supermarkets) deliver goods
in real business operations. For the latter, a request consists of picking up goods from
individuals or individual stores, and transporting them to corresponding customers
needs to be completed.

This thesis will integrate these new technological and business concepts for reorga-
nizing urban distribution. The new urban distribution should provide a more efficient
choice of distribution model that can adopt new technologies and services and, on the
other hand, limit emissions and energy consumption. Specifically speaking, this thesis
mainly aims at these three strategic and operational levels:

¢ include new means of distribution (Van-based robot urban delivery)

¢ include new means of charging strategy (Van-based robot urban delivery with
en-route charging)

¢ include new means of the business model (Van-based robot routing with hybrid
pickup and delivery)
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1.2 Structure of the thesis

The rest of this thesis is organized as follows.

Chapter 2 first introduces the state of the art of the van-based robot routing prob-
lems and the similarities and differences between them. Then Chapter 2 reviews the
vehicle routing problems (VRP) related to the van-based robot routing problem: two-
echelon vehicle routing problem, two-echelon location routing problem, truck and trailer
routing problem, open vehicle routing problem, electric two-echelon routing problem,
and pickup and delivery problem.

Chapter 3 - Chapter 5 study the two-echelon van-based robot routing problem (2E-
VRRP), electric two-echelon van-based robot deliveries with en-route charging (2E-
VREC), and two-echelon van-based robot hybrid pickups and deliveries routing prob-
lem (2E-VRHPD) respectively.

Chapter 3 investigates an innovative two-echelon van-based multiple robots urban
delivery problem that contains the time window constraint, capacity constraint, and
maximum travel time constraint. This innovative distribution model can eliminate a
lot of real estates and human resources compared to the traditional two-echelon deliv-
ery model, which provides a new choice for logistics enterprises. We found that simply
improving the robot’s speed leads to only limited cost reduction during our experi-
ments. Therefore we recommend keeping robot speeds rather low because of a more
pedestrian-friendly environment in practical implementations.

Chapter 4 focuses on incorporating en-route charging and reserve charging tech-
nologies into van-based robot delivery problem. We use the time during which vans
are carrying robots effectively to recharge the robots, thereby increasing distribution
systems’ efficiency. Because of the difficulty in processing the trade-off between en-
ergy, distance and time for checking the feasibility of a given 2E-VREC route, we further
propose a greedy route evaluation approach and an LP-based route evaluation method.
We recommend that logistics companies use en-route charging technology if the new
technology’s fixed cost is controllable, based on our computational study.

Chapter 5 considers incorporating multiple modes of pickup and delivery opera-
tions into the van-based robot logistic distribution system to adapt to the new business
modes and needs of logistics enterprises. We detailed introduce five pickup and de-
livery cases in the 2E-VRHPD problems and model the new freight flow and position
constraints, which never occur so far. We have a case study based on realistic scenarios.
We conduct a sensitivity analysis on the robot’s travel cost rate and maximum travel
distances, as well as compare the van no-go area’s effect on the 2E-VRHPD model. Be-

sides, we compare the 2E-VRHPD model with two classical models. We recommend
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that companies consider the 2E-VRHPD model for distribution in appropriate scenar-
ios to improve the system’s efficiency.

Chapter 6 concludes the thesis and points out potential future works.

The chapters of the thesis are based on the following papers:

Chapter 3 Yu, S., Puchinger, J., & Sun, S. (2020). Two-echelon urban deliveries us-
ing autonomous vehicles. Transportation Research Part E-Logistics and Transportation
Review, 141, 102018.

Chapter 4 Yu, S., Puchinger, ]J., & Sun, S. (2020). Electric van-based robot deliveries
with en-route charging. Transportation Research Part C-Emerging Technologies, Under
Review.

Chapter 5 Yu, S., Puchinger, J., & Sun, S. (2020). Van-based robots hybrid pickups
and deliveries routing problem. European Journal of Operational Research, prepare to
submit.

In addition, the different elements of the research conducted in this thesis are pre-
sented in the following conferences:

Puchinger, J., & Yu, S. (2018). A two-echelon vehicle routing problem with un-
manned ground vehicles for city logistics. EURO 2018. 29th European Conference On
Operational Research.

Yu, S., Puchinger, J.,, & Sun, S. (2020). Urban deliveries using robots in a two-
echeleon system. 21eme Congres Annuel de La Société Frangaise de Recherche Opéra-
tionnelle et d”Aide a La Décision (ROADEEF).






Chapter 2

Literature Review

In this chapter, we first give a brief introduction of the van-based robot routing problem.
We then introduce some types of vehicle routing problems relative to the van-based
robot routing problems this thesis considered.

2.1 A brief introduction of van-based robot routing prob-

lem

Van-based robot routing problem (2E-VRRP), see Figure 2.1, has drawn much atten-
tion (Otto et al., 2018). In the van-based robot routing problem, the van can transport
robots, and along the route, it can drop off and pick up the robot at different positions.
The advantage of van-based robot deliveries is that goods can be delivered in parallel
by the van and its robot, thereby increasing the efficiency of distribution systems com-
pared to VRP-based systems. Murray and Chu, 2015 first presented the 2E-VRRP, and
farther-reaching problems have since been studied. We give a van-based robot routing
similarities and differences comparison table (Table 2.1) with recent related research

articles.
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FIGURE 2.1: Van-based robot routing problem
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The comparison focuses on how many vans and robots are considered and the ob-
jective of the problem, the number of customers a robot can visit in the course of one
trip (VMC), whether there are time window constraints for customers (CTW), whether
both pickup and delivery are allowed in the model (PD), whether the van can serve
customers directly (VD), whether charging is possible in the model (Charging), and the
contribution of the work (Contribution).

TABLE 2.1: Similarities and differences between van-based robot routing

problems
Reference Vans Robots Objective VMC CTW PD VD Charging Contribution
Murray and Chu, 2015 1 1 time 1 no no yes no MILP, heuristic
Poikonen et al., 2017 n m time 1 no no yes no Theoretical insights
Wang et al., 2017 n m time 1 no no yes no Theoretical insights
Pugliese and Guerriero, 2017 n m cost 1 yes no yes no MILP
Luoetal., 2017 n 1 time m no no no no MILP, heuristic
Carlsson and Song, 2017 1 1 time 1 no no no no Heuristic
Agatz et al., 2018 1 1 time 1 no no yes no IP, heuristic
Bouman et al., 2018 1 1 cost 1 no no yes no Dr
Schermer et al., 2019a n m time 1 no no yes no MILP, VNS, matheuristic
Schermer et al., 2019b n m time 1 no no yes no MILP, VNS, matheuristic
Karak and Abdelghany, 2019 1 m cost m no yes no no MIP, heuristic
Sacramento et al., 2019 n 1 cost 1 no no yes no MILP, ALNS
Wang and Sheu, 2019 n m cost m no no yes no MIP, branch-and-price
Poikonen et al., 2019 1 1 time 1 no no yes no Branch-and-bound, heuristic
Murray and Raj, 2020 1 m time 1 no no yes no MILP, heuristic
Poikonen and Golden, 2020b 1 1 time 1 no no yes no Branch-and-bound, heuristic
Poikonen and Golden, 2020a 1 m time m no no no no ILP, heuristic
Kitjacharoenchai et al., 2020 n m time m yes no yes no MIP, heuristic, LNS
Moshref-Javadi et al., 2020a 1 m waiting time 1 no no yes no MIP, heuristic
Moshref-Javadi et al., 2020b 1 m waiting time 1 no no yes no MIP, hybrid TS-SA
Dayarian et al., 2020 1 1  maximizeorders m no no yes no Heuristics
Gonzalez-R et al., 2020 1 1 time m no no yes no MIP, Iterated greedy heuristic
Salama and Srinivas, 2020 1 m time,cost 1 no no yes no MIP, Heuristic
Chapter 3 n m cost m yes no no no MILP, hybrid metaheuristic
Chapter 4 n m cost m yes no yes  yes MILP, ALNS
Chapter 5 n m cost m yes yes yes no MIP, ALNS

We introduce these papers in detail in terms of solution methods from exact meth-

ods, matheuristics, and heuristics (include metaheuristics).

2.1.1 2E-VRRP with exact methods

Wang et al., 2017 studied the vehicle routing problem with drones (TSP-D). They posed
several situations to explore the maximum savings from cooperatively using van and
drones rather than van only in delivering freights and then derive several worst-case
results. Poikonen et al., 2017 extended models of (Wang et al., 2017) further.

Bouman et al.,, 2018 presented dynamic-programming-based approaches for the
TSP-D. Their approaches can solve larger problems than the mathematical program-
ming approaches that have been presented so far in the experimental comparison study.
They found restrictions on the number of locations the van can visit while the drone is
away can significantly reduce the solution times. Besides, the limits have relatively

little impact on the overall solution quality.
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Poikonen and Golden, 2020b introduced a new type of TSP-D problem, called moth-
ership (carrier) and drone routing problem. The new problem allows the van to move
in continuous space, allowing second-order cone programs to be used throughout as
subroutines in solution methods. They presented a branch and bound method to solve
small instances and presented several heuristics to address large cases.

Wang and Sheu, 2019 proposed an arc-based and path-based integer programming
model for vehicle routing problems with drones (VRP-D) and docking node. They
further develop a branch-and-price algorithm to solve this kind of problem, and the
proposed algorithm performs well.

2.1.2 2E-VRRP with matheuristics

Pugliese and Guerriero, 2017 extended the VRP-D by considering customer time win-
dows to perform last-mile deliveries operations. They presented a MIP model and
investigated the advantages and disadvantages of using drones. Computational study
results show the higher the van transportation cost, the higher the number of deliveries
performed by the drones.

Agatz et al., 2018 modeled TSP-D as an integer program and develop several fast
route-first, cluster-second heuristics based on local search and dynamic programming.
The worst-case approximation ratios for the heuristics are proved. Computational
study shows the algorithm’s high efficiency and shows that substantial savings are pos-
sible with this concept compared to van-only delivery.

Poikonen et al., 2019 proposed four heuristic methods based on the branch-and-
bound algorithm for the TSP-D variant (the truck may remain stationary while the
drone makes a delivery) of Agatz et al., 2018.

2.1.3 2E-VRRP with heuristics

Luo et al., 2017 considered a two-echelon cooperated routing problem for a van and
its drone. There are specific parking lots for the vehicle to drop off and pick up the
drone. They developed a 0-1 integer programming model and proposed two heuristics
to solve the model.

Carlsson and Song, 2017 studied a TSP-D problem with the drones that can be
launched from several points (not only customer locations). Heuristic methods were
presented to analyze the benefit of using van and drone delivery systems and describe
how much improvement can be realized by involving drones to deliver packages. They
have concluded that the improvement in efficiency due to augmenting a delivery truck
with a drone is related to the square root of the ratio of the truck’s speeds and the drone.
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Schermer et al., 2019a considered the VRP-D problem with the en-route operations
by allowing drones to be dropped off and picked up at some discrete locations on each
arc. They used MILP to model the new problem and propose a heuristic that combines
the variable neighborhood search and tabu search. The computational study showed
that allowing en-route operations can lead to more efficient solutions due to the time-
objective’s potential reduction. Schermer et al., 2019b also extended the VRP-D prob-
lem by allowing the execution of cyclic operations for drones. The authors further
introduced several additional valid inequalities and discussed the benefits of using the
new MILP formulation. In addition, a matheuristic that decomposes the problem into
an allocation subproblem and a sequencing subproblem is proposed. Computational
study shows the benefits of using drones to minimize the makespan and conclude that
their heuristic is effective and efficient.

Karak and Abdelghany, 2019 first studied the hybrid vehicle-drone routing problem
for pickup and delivery services, in which the node has goods pickup and delivery de-
mands simultaneously. The MIP formulation was presented. A novel solution method-
ology is developed which extends the classic Clarke and Wright algorithm. Sacramento
et al., 2019 considered the VRP-D problem with time limit constraints, and designed an
adaptive large neighborhood search metaheuristic for the problem.

Murray and Raj, 2020 extended their research in 2015 by considering parcel deliv-
ery with multiple drones. They presented a heuristic solution approach that leverages
a subset of subproblems is proposed. They gave some critical insights into the truck-
drone system design according to their computational study. (1) Although it is gener-
ally faster to reach a customer with a drone rather than a truck, it is rarely beneficial
to serve all drone-eligible customers via drone. (2) UAVs with high-speed and long-
range offer more incredible benefits in larger geographic regions, where customers are
distributed over a larger area. (3) Adding more UAVs to an existing fleet tends to have
diminishing marginal makespan improvements, with UAVs offering a more signifi-
cant benefit in instances involving many customers. (4) Problem instances involving
densely-distributed customers tend to benefit the most. (5) Automation within both
the truck and the depot result in time savings, with depot automation providing the
greatest savings.

Poikonen and Golden, 2020a studied the multi-visit drone routing problem. Poiko-
nen and Golden, 2020a allows the energy drain function to be any non-decreasing func-
tion of weight for each location pair and decouples the set of launch/landing vertices
from the set of customer locations. Computational study indicates that objective func-
tions are highly sensitive to drone speed. The number of drones was also very impactful
on the objective value.

Moshref-Javadi et al., 2020a and Moshref-Javadi et al., 2020b studied a truck and
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drones delivery model for last-mile delivery to minimizes the waiting time of cus-
tomers in the system. Moshref-Javadi et al., 2020a presented a mathematical formu-
lation and a heuristic solution approach for the optimal planning of delivery routes in
a multi-modal system combining truck and drone operations. Moshref-Javadi et al.,
2020b extended the model of Moshref-Javadi et al., 2020a by allowing launch drones
multiple times from each stop location to serve customers, like Schermer et al., 2019b
did. They developed a hybrid tabu search-simulated annealing algorithm to address
the problem. The computational study showed that the new delivery system could re-
duce the customer waiting time for a wide range of model parameters compared to the
classical delivery models.

Dayarian et al., 2020 introduced a novel way to exploit drones in same-day home
delivery settings: drone resupply. They considered a home delivery system in which
drones regularly resupply delivery trucks. They developed different algorithms and
compared their performance. Computational study shows the potential benefits of

drone resupply.

2.2 Related vehicle routing problem

Here we introduced some vehicle routing problems related to the van-based robot rout-
ing problems this paper studied. Section 2.2.1 - 2.2.4 are the problems related to the pro-
posed basic 2E-VRRP model. Section 2.2.5 introduces the electric two-echelon routing
problem, which is related to the 2E-VREC problem. Section 2.2.6 introduces the pickup
and delivery problem, which is related to the 2E-VRHPD problem.

2.21 Two-echelon vehicle routing problem (2E-VRP)

The two-echelon vehicle routing problem (2E-VRP), which is shown in Figure 2.2, is a
well-known variant of the classic VRP. It involves determining a set of optimal routes
for a two-level freight distribution system, where goods are delivered from a depot to
a subset of intermediary satellites in the first echelon, and from the satellites to cus-
tomers in the second echelon. For cost effectiveness reasons, delivery tasks in the first
echelon are usually accomplished by large identical trucks while delivery tasks in the
second echelon are usually accomplished by small identical vehicles (Baldacci et al.,
2013; Dellaert et al., 2018; Liu et al., 2018). In 2E-VRP, the intermediary satellite can
be seen as a transfer station. The freight is the primary connection between truck and
small identical vehicle. In the 2E-VRRP model, the intermediary satellite is just like a
rendezvous node and does not possess any goods storage function. Furthermore, the
connection between van and robot is closer than that of truck and small vehicle in the
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2E-VRP problem. The van not only carries the robots but also sends them out and picks

them up at same/different rendezvous nodes.

2.2.2 Two-echelon location routing problem (2E-LRP)

The two-echelon location routing problem (2E-LRP), which is shown in Figure 2.3, is
similar to the 2E-VRP. The main difference is that the 2E-LRP incorporates the location
decision problem into the VRP while the 2E-VRP does not (Crainic et al., 2011; Cuda
et al., 2015; Bala et al., 2017; Wang et al., 2018). The 2E-VRRP model is like the 2E-LRP
model in that we need to decide which vans/robots need to visit which rendezvous
nodes, but the models differ on the earliest time that a vehicle is allowed to leave the
pick-up rendezvous node. In 2E-LRP, the earliest leaving time of a vehicle is equal to
the time when the vehicle arrived at the satellites, whereas in the 2E-VRRP model it

depends on the time when its robots arrive at the pick-up node.

2.2.3 Truck and trailer routing problem (TTRP)

The truck and trailer routing problem (TTRP), as shown in Figure 2.4, describes a fleet of
truck and trailer combinations with known capacity serving a set of customers with pre-
determined demands and locations. In this problem, a vehicle may be a truck pulling a
trailer, called a complete vehicle, or a single truck, called a pure truck. Some customers
must be served by a truck while others can be served either by a truck or a complete
vehicle (Chao, 2002; Li et al., 2016; Parragh and Cordeau, 2017; Rothenbécher et al.,
2018). In the 2E-VRRP model, both the van and the robot can move by themselves,
whereas the trailer in TTPR model stays stationary while the truck is not pulling.

2.24 Open vehicle routing problem (OVRP)

The open vehicle routing problem (OVRP), in which a vehicle does not necessarily
return to the start node after servicing the last customer on its route, performs as a
Hamiltonian path (or Hamiltonian circuit if the vehicle chooses to come back to the
start node) (Li et al., 2007; Repoussis et al., 2007; Branddo, 2018). The OVRP has at-
tracted less attention than the VRP, largely due to its limited application environment:
the main application background cited in the academic study is a company using hired
vehicles for goods delivery, where the vehicle does not need to return to the depot af-
ter finishing serving the last customer. Note that in the second-level 2E-VRRP delivery
scenario, the robot route could be regarded as a Hamiltonian path since the van can
drop off and pick up a robot at different rendezvous nodes. Consequently, the OVRP



2.2. Related vehicle routing problem 13

can be expected to receive more attention as automated distribution such as automated

vehicle and/or drone delivery gains currency. The OVRP is shown in Figure 2.5.

2.2.5 Electric two-echelon routing problem (E2EVRP)

The electric two-echelon vehicle routing problem (E2EVRP), as shown in Figure 2.6,
have begun to be studied by researches for application to city scenarios in recent years.
And the E2EVRP is related to the 2E-VREC problem we studied in Chapter 4.

Breunig et al., 2019 extended the two-echelon vehicle routing problem where electric
vehicles are used on the second echelon with full charging technology. They proposed a
large neighborhood search and an exact mathematical programming algorithm, which
uses decomposition techniques to enumerate promising first-level solutions in conjunc-
tion with bounding functions and route enumeration for the second-level routes.

Jieetal., 2019 and Wang et al., 2019 studied the two-echelon vehicle routing problem
with battery swap technology. Jie et al., 2019 considered a two-echelon capacitated elec-
tric vehicle routing problem with battery swapping stations. In their problem setting,
the first and second echelon vehicles could all swap their batteries in the battery swap-
ping stations. They proposed an integer programming formulation and a hybrid algo-
rithm that combines a column generation and an adaptive large neighborhood search to
solve the problem. Wang et al., 2019 addressed a two-echelon vehicle routing problem
involving electric vehicles considering time windows and battery swapping stations.
They formulated the mathematical model and minimized the total of shipping cost,
handling cost, battery swapping cost, fixed cost of vehicles, and penalty cost due to
tardiness.

In the E2EVRP model, the vehicle (robot) can only be recharged at the charging
station. However, the robot can also be recharged by other vehicles in the 2E-VREC

model.

2.2.6 Pickup and delivery problem (VRPPD)

The vehicle routing problem with pickup-and-delivery (VRPPD), depicted in Figure
2.7, is an essential family of routing problems in which freight or passengers have to
be transported between different origins and destinations (Paolo and Vigo, 2014). The
pickup and delivery problem is related to the 2E-VRHPD problem we studied in Chap-
ter 5, not only about picking up and delivering freights, but also robots.

The VRPPD can basically be subdivided into four subclasses (Polat, 2017). In the
VRP with clustered backhauls (VRPCB), mixed linehauls and backhauls (VRPMB), and
simultaneous pick-ups and deliveries (VRPSPD), the vehicles only visit each customer

once for pickups and deliveries, i.e. loads cannot be split. In the VRP with divisible
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deliveries and pickups (VRPDDP), the vehicles can arrive at each customer twice. Nagy
et al., 2013 formulated the VRPDDP as a mixed-integer linear programming problem
and presented an exact and heuristic algorithm to implement the problem. Polat, 2017
presented an efficient parallel approach based on variable neighborhood search to solve
the VRPDDP that significantly improved the best solutions available in the literature.
The classification of pickup and delivery problems can also be seen in Battarra et al.,
2014, and Ko et al., 2020.

Time window constraints are usually needed in urban pickup and delivery. Dumas
et al.,, 1991 were the first to use column generation for solving pickup and delivery
problem with time window (PDPTW). They propose a branch-and-bound method that
can handle problems with up to 55 requests. Ropke and Pisinger, 2006 presented an
adaptive large neighborhood search heuristic for the pickup and delivery problem with
time windows.

In 2E-VRHPD model, van and robot can be seen as heterogeneous vehicles. Qu and
Bard, 2013 studied a heterogeneous pickup and delivery problem in which each vehi-
cle’s capacity can be modified by reconfiguring its interior to satisfy different types of
customer demands. The number of participants and support equipment that a van can
accommodate depends on how it is configured. They developed a two-phase heuris-
tic that uses ideas from greedy randomized adaptive search procedures with multiple
starts to solve this problem. Avci and Topaloglu, 2016 studied a heterogeneous vehicle
routing problem with simultaneous pickup and delivery problems. They developed a
hybrid local search algorithm in which a non-monotone threshold adjusting strategy is
integrated with tabu search. They indicated that the developed approach could pro-
duce efficient and effective solutions. Sun et al., 2019 presented the formulation and
exact solution for heterogeneous vehicle pickup and delivery problems, intending to
minimize carbon emissions of pickups and deliveries by a fleet of heterogeneous vehi-
cles. Their exact algorithm is based on a set partitioning model and the key character-
istics of its optimal solution, which can rapidly find the largest-scale instance’s optimal
solution. Drexl, 2020 studied a one-to-one pickup-and-delivery problem with time win-
dows and trailers. The discussed extension consists in consideration of a heterogeneous
vehicle fleet comprising lorries with detachable trailers. Trailers are advantageous as
they increase the overall vehicle capacity. However, some locations may be accessible
only by lorries.

In the 2E-VRHPD model, the pickup and delivery operation is also reflected in the
pickup and delivery robots. The van picks up and delivers robots, while the van in the
VRPPD model picks up and delivers freights. Besides, the van must first launch the
robot before recovering it. Whereas the vehicle has no priority for delivery and pick-

up in the VPRPD, they could be delivered first and pickup second; mixed pickups and



2.2. Related vehicle routing problem 15

deliveries; simultaneous pickups and deliveries. Besides, in the 2E-VRHPD model,
there is a minimum time interval between releasing and recovering the same robot.
This interval equals the shortest completion time for the robot to finish delivery to all
its customers from origins to destinations. Note that the pickup and delivery operation
(target is the robot) also exist in the 2E-VRRP and 2E-VREC model.
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Chapter 3

Van-based robot urban deliveries

problem

Abstract

We introduce a two-echelon urban delivery problem with second-level robots. This
problem typically applies for delivering parcels or other small commodities to pedes-
trianized areas such as campuses or residential clusters. To model the proposed vehi-
cle routing problem, we introduce a mixed-integer program. We further propose con-
struction heuristics and a hybrid metaheuristic approach with backtracking for solving
larger instances. A sensitivity analysis for vehicle (van/robot) speed combinations re-
veals that increasing robot speeds has only very limited effects on cost. We therefore
recommend to keep robot speeds rather low because of a more pedestrian friendly en-

vironment in practical implementations.

3.1 Background

Autonomous delivery services can be realized in certain areas as of today. Researchers
have begun to study autonomous vehicle delivery problems under restricted condi-
tions, for example Scherr et al., 2019 designed an urban service network with mixed
autonomous fleets.

However, in the foreseeable future, the applications of the robot are limited by its
travel distances and speed for technical and safety reasons. Hence, one innovative city
logistics delivery concept was presented by combining traditional vehicles and robots.
Boysen et al., 2018 considered using vans to transport and drop off small robots. They
presented a decentralized robot depot within the city center, only used for storing de-
livery robots. Mercedes-Benz also presented the idea and works closely together with
Starship Technologies to develop the “mothership approach” (van carries robots) in
their Future Transportation unit. They believe that the carrier system can avoid the

drawback of robot-only delivery (Daimler, 2017).
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Based on the mothership concept, we propose a 2E-VRRP model where multiple
vans cooperate with their associated robots. The van carries the robots, sending out and
picking up the robot in rendezvous nodes while the robot manages customer service.
The 2E-VRRP model has the following advantages:

(1) The 2E-VRRP model can avoid some drawbacks of robot-only delivery. For ex-
ample, the robot will only have a very limited range. Logically, the range is limited
by battery capacity, besides, the robots move at walking speed for safety reasons, so
that their application for long distances is not efficient (Daimler, 2017). If we adopt the
2E-VRRP model, the van can carry robots to implement long distances and high-speed
transportation. (2) The 2E-VRRP model can greatly reduce the cost of the enterprise
in operational aspects when compared to the traditional two echelon delivery model.
Since the 2E-VRRP model does not need suitable real city estate, also without a lot of
manpower cost. Note that satellites (intermediate warehouse) and labor costs are two
big expenses of logistics enterprises. (3) The number of rendezvous nodes is always
larger than that of satellites, which means vans can be more flexible in choosing trans-
fer nodes. Moreover, the second level route in the 2E-VRRP model is an open route, the
robot can choose being picked up from a different node than the one they have been
dropped off, which often brings about a lower cost at the second level of delivery. (4)
Compared to the truck-based drone model, we believe the 2E-VRRP model is safer in
urban delivery. For example, when a fast-flying drone stalls, it will cause serious acci-
dents in a city. However, to a slowly moving robot, accidents caused by stalled robots
are controllable.

The contributions of this chapter are as follows. We consider a new two-echelon
urban delivery concept with time windows relying on autonomous robots, in which
the 2nd-level route is an open route. First we introduce the problem and propose a
mathematical formulation. A column generation procedure is presented for trying to
get a tighter lower bound (compared with the low bound got by CPLEX) for the MIP
model. Next we propose a construction heuristic for the newly introduced problem,
which is useful for quickly generating feasible initial solutions and providing a first
upper bound. We then propose a multi-start hybrid metaheuristic approach based it-
erative local search and backtracking. The backtracking procedure accurately connects
the chosen robot routes to the van route. Furthermore, we analyze how van/robot
speed combinations influence the objective value, which can provide a reference for
real-world implementation of such a service.

The remainder of the chapter is structured as follows. Section 3.2 describes the prob-
lem and model and Section 3.3 elaborates on the heuristic approaches. A computational

study is presented in Section 3.4 and Section 3.5 concludes the chapter.
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3.2 Problem description and model

3.2.1 Problem statement

We consider a two-echelon urban delivery problem using robots for 2nd-level route de-
livery. The van carries the robots on the 1st-level route and drops off and picks up them
in the rendezvous nodes, while the robot handles customer service on the 2nd-Ilevel
route. The research developed in this chapter considers using the van only for carry-
ing robots, and so no direct shipping from vans to customers is allowed. This setting
is reasonable, since the robot can only deliver parcels or other small commodities to
pedestrianized areas such as campuses or residential clusters with current technolo-
gies. Also, our target customers are in these pedestrianized areas, where vans are often
banned. Hence, we assume the van cannot serve customers directly.

Since campuses and residential clusters have multiple entrances and exits, the van
can drop off and pick up a robot at different positions. In other words, the van can
move to other rendezvous nodes after making a drop-off operation without having to
wait for its robot to come back to the same rendezvous location. Besides, the robot is
not forced to return back to the rendezvous node it departed from, which means the
2nd-level route is an open route.

Each pick-up or drop-off (rendezvous) node can only be visited at most once by the
same vehicle. This setting is reasonable, as a van can release all its associated robots
immediately at a drop-off node and has no need to reach that node again. Likewise, a
van can arrive at a pick-up node when all its associated robots have arrived. Hence, a
drop-off/pick-up node does not have to be visited twice by the same van. Each cus-
tomer node must be visited by just one robot exactly once. In addition, customer nodes
and depot have their time windows based on real demand in city logistics. Our model
accommodates waiting at all locations without cost. Moreover, we allow a robot to visit
multiple customers during a dispatch rather than only visit one customer, since the ca-
pacity for a robot is usually larger than that of a drone. The travel range of a van is
infinite. Nevertheless, the total travel time of a robot cannot exceed a predetermined
value on the 2nd-level route, as the robot tends to be small-sized and thus equipped with
limited fuel/battery capacity.

We present three (simplifying) assumptions. In order to simplify the model and
reduce the complexity of our problem, a robot is dropped off and picked up by a single
van. Furthermore, we assume constant operation times, and we can therefore integrate
it into the travel time from and to the rendezvous nodes (Grangier et al., 2016). In
the 2E-VRRP model proposed here, freight can only be loaded when rounds begin at

the depot. In other words, the van carries a sufficient number of robots full of freight
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instead of carrying some robots and freight and then taking on freight replenishment
during the van route.

Figure 3.1 shows an example of the 2E-VRRP model. Triangles represent rendezvous
nodes, the square represents the depot, and circles correspond to customer nodes. Solid
lines correspond to Ist-level routes (Van routes) and dotted lines correspond to 2nd-level

routes (robot routes).

1.
AN
/ DpP E y
//\\
AA g
. Depot node
/\
/ DE Drop-off rendzvous node
/\ )\
/DPE Drop-off and pick-up rendzvous node /\
/ DP Ey
Q Customer node ’
- Van routes Q’
e = Robot routes

FIGURE 3.1: Delivery system with van/robot

3.2.2 Mixed Linear Integer Programming Model

The problem is defined on a directed graph G = (V, A), where the depot V} is rep-
resented by two nodes 0 and 0. Let V, = {1,2,..,m,m+1,..,2m} be rendezvous
nodes where vans drop off and pick up their robots. The node m + i in pick-up nodes
set V, = {m+1,m+2,..,2m} is a copy of the drop-off node i (physical rendezvous
node) in set V; = {1,2,...,,m}. Note that node i and node m + i correspond to a same
physical rendezvous node. We use different names to distinguish drop-off and pick-
up operations of vans. Furthermore, V, = {2m +1,2m + 2, ...,,2m + n} represents the
customer nodes set. Moreover, we define V;. = V; UV, and Ve = V, U V.. Also,
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VO = V,U{0}and V0 = V.U {0} while V, = V,U{0'}and V. = V,U{0'}. Let
Ay ={(i,]) | i € {0};j € Vay UL(ij) | i,j € Vii # Y UL(i,j) | i € Vyij € {0'}} be
the Ist-level route (Van routes) and Ay, = {(i,j) | i € Vgij € VoY U{(i,)) | i,j € V., i #
jFU{i,j) | i € Vi;j € Vp} be the 2nd-level route (robot routes).

For each edge, let t;; > 0 be the associated travel time and c;; be the associated
travel cost. The freight must be delivered from depot {0} to customer node i with
the demand d; and serving time s;. The time window of the customer nodes i € V.
s [a;, b;], which is the time interval that the service at node i is allowed to start. Fur-
thermore, let [ag, bo] = [ay,by], where ag/ay represents the earliest possible depar-
ture time from the depot 0/0" and by /by is the latest possible arrival time at the depot
0/0’. These time windows are hard constraints. Fy = {1,2,..., K} is the set of vans
and FK§ = {(k, 1), (k,2),.., (k,L)} is the set of robots belonging to the kth van, where
K is the number of vans and L is a maximum number of robots assignable to a van.
Fp = Fllj U FZ%U, . UFg ={(1,1),(1,2),...,(k,1),...,(K,L)} denotes the set of all robots.
Let C, T, and M be capacity, maximum total travel time for a robot, and an arbitrary
large constant number, respectively. In addition, we further introduce the following
decision variables:

* Letx; ) equal to 1ifarc (i, j) in Ay is traveled by the kth van, 0 otherwise.

o Let y equal to 1if arc (7, j) in A is traveled by the Ith robot belonging to kth van,
0 otherw1se.

* Let Q;;x be the robot flow carried by kth van passing through arc (i,]) in Ay, i.e.,
the number of robots.

e Let Wl.k be the arrival time of kth van (or the robot belonging to the kth van) at
node i. Note that W¥ represents the last arrival time of kth van and the robots

belonging to the kth van at node i.

The 2E-VRRP problem is modeled as the following MIP:

Lex-min( Y Y xoje Y. Y, CiXije+ Y. ) cwyl] (3.1)

keFr jGVd keFr (l] €A (k Z)EFD (l ])EAZ
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Y xjx <1, VjieV, keFr (3.2)
(ij)€A
) Xk = Y X0,k Vk € Fr (3.3)
i€V, JE€Vs
Z Xijk — 2 Xiik = 0, V] eV, ke Fr (3.4)
(i) €4 (i) €A
Y. Yoyi=1, Vi€V, (3.5)
(k,1)€Fp i€Vy,
Yo=Y =0, VjeV, (k) e Fp (3.6)
ieVy, i€Vpe
ZQIOk ZQO]kz vkEFT (3-7)
i€V jEV,
Yo Q=Y. ) ) yﬂ, Vk € Fr (3.8)
J€Va IeFK i€Ve jeVy
Y Qiik— Y. Qik= Y, ), y Vi€ Vg keFr (3.9)
icvP i€Vy leFk ieVe
Y Q- L Que=- L LY, VieVkeh .10
icV, icv! leFk i€Ve
0<Qijk < xijk*L, V(i,j) € A1,k € Fr (3.11)
WE -+t — WE < M(1—x;), V(i,j) € Ay k € Fr (3.12)
WE+ £ — WE< M(1—y), Vi€ Vy,je V., (k1) € Fp (3.13)
WE+ £+ 5 — WE < M(1 - ), Vi€ V,,j € Ve, (k1) € Fp (3.14)
a; < WF, Vie VO ke Fr (3.15)
WE < b;, Vie V., ke Fr (3.16)
Yodi Yy <G Y(k,I) € Fp (3.17)
ieVe ]EVPC
) y V(k,1) € Fp (3.18)
(ij)€A2
xi]-k € {O 1} V(l,]) € A1,k € Fr (3.19)
ye i 'e {0,1}, V(i,j) € Az, (k1) € Fp (3.20)

The lexicographic objective function (3.1) minimizes the number of vans first and
then minimizes the total transportation cost of Ist-level and 2nd-level routes. Constraint
(3.2) implies that each van departs from (or arrives at) the rendezvous node no more
than once, and each van arrives at the depot no more than once. Constraints (3.3-3.4)
ensures the number of arrivals is equal to the number of departures for the van at
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the depot/rendezvous node. Constraints (3.5-3.6) indicate that each customer node is
visited exactly once. Constraints (3.7-3.8) assure the number of robots (carried by the
kth van) departing from/arriving at the depot is equal to the total number of robots
(carried by the kth van) departing from the drop-off nodes. Constraints (3.9-3.10) link
the number of robots carried by van to the number of robots departing from the drop-
off node/arriving at the pick-up node. Constraint (3.11) guarantees that the number of
robots carried by a given van cannot exceed its capacity on 1st-level route.

Constraint (3.12) is the time-flow constraint for the vans. Constraints (3.13-3.14)
are time-flow constraints for the robots. Service time does not need to be considered
when a robot departs from drop-off nodes to customer nodes, but need to be considered
when a robot is traveling between customer nodes or from customer nodes to pick-up
nodes. Constraint (3.12-3.14) can also eliminate the subtour of 1st-level route and 2nd-
level route. Constraints (3.15-3.16) are the time window constraints for the customer
nodes. Constraint (3.17) ensures the demand of every customer is met. Constraint
(3.18) forces the maximum travel time of each robot. Constraints (3.19-3.20) are the

constraints on variables.

3.3 Methodology

This section introduces approximate solution methods for the 2E-VRRP problem. Sec-
tion 3.3.1 proposes a construction heuristic to obtain a feasible solution quickly. The
construction heuristic is applied to provide an upper bound during optimization of the
primary objective of the MIP model, and also to generate multiple initial solutions for a
hybrid metaheuristic approach. In Section 3.3.2 we propose a hybrid multi-start meta-
heuristic including destroy and repair operators together with a backtracking compo-
nent.

3.3.1 Construction heuristic

The general structure of the construction heuristic is sketched out in Algorithm 1. Let S,
be the set of rendezvous nodes and the depot. The sequence GetStartCustomerNode, Get-
DropOffNode and ModifiedNearestNeighbor is repeated to construct multiple robot routes
(2nd-level route) until no customer nodes are left in the unvisited customer nodes set S;
(lines 2-8). Meanwhile, set S; and the complete robot route set Sz are updated (lines
6-7). Afterwards, a simple connection heuristic (SimpleConnectionHeuristic) is applied

to construct multiple van routes (Ist-level route) to get the final solution S (line 9).
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Algorithm 1 Construction_Heuristic(Sq, Sp)

1: Initialization: S3 < @

2: while S; # @ do

3:  Nodey < GetStartCustomerNode(S1)

4:  Nodey < GetDropOf fNode(Nodei, Sy)

5. RobotRoute <— ModifiedNearestNeighbor(Nodei, Nodey, S1, S2)
6: Remove Customer nodes in RobotRoute from S

7. Ss.add(RobotRoute)

8: end while

9: S < SimpleConnectionHeuristic(S3)

10: Output: S

Note: S;: unvisited customer nodes, Sy: rendezvous nodes and depot, S3: complete
robot routes, S: final solution.

First, we introduce how to construct the 2nd-level route. The GetStartCustomerNode
procedure is run to select a customer node for the second level route construction algo-
rithm (lines 2-8) to start in Algorithm 1. Here, we introduce the deterministic/random
start customer node selection strategies that can be used in GetStartCustomerNode. The
deterministic start customer node selection strategy is the one we obtain the start cus-
tomer node with the minimum latest service time (similar to (Li et al., 2016)), while
in the random start customer node selection strategy, the start visiting customer node
from the customer nodes set is chosen randomly to maintain the diversity of solutions.

After choosing a start customer node, we select a drop-off node to connect the de-
pot, drop-off node and start customer node. We propose optimal /nearest drop-off node
selection strategies that can be implemented in GetDropOffNode. The optimal drop-off
node selection strategy chooses the drop-off node for which distance to depot plus dis-
tance to start customer node is the smallest, whereas the nearest drop-off node selection
strategy picks the drop-off node with the nearest distance to the start customer node.

It is important to note here that the optimal drop-off node selection strategy tends
to select a drop-off node close to the depot; whereas the nearest drop-off node selection
strategy tends to choose a drop-off node close to customer nodes. These two different
selection strategies thus yield a significant difference in initial solutions.

Next, we apply ModifiedNearestNeighbor to select the remaining customer nodes and
a pick-up node sequentially for constructing the robot route. ModifiedNearestNeighbor
not only uses the nearest distance information like the nearest neighbor search does,
but it also considers the start time window information at the chosen customer node.
The total nearest of ModifiedNearestNeighbor is described as the robot start serving time
earliest. In other words, we choose the customer node with the earliest time at which
the robot can start to provide services.

The specific operation of ModifiedNearestNeighbor chooses the total nearest customer
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node based on the current chosen point subject to all constraints. The constraints in-
volve the time window constraints for the robot and van, the capacity constraint, and
the maximum travel time constraint for the robot. The procedure iterates until there is
no customer node that satisfies the constraints, then selects the nearest pick-up node to
finally make a complete robot route.

Second, we introduce how the SimpleConnectionHeuristic constructs the 1st-level route.
The general structure of the simple connection heuristic is sketched out in Algorithm
2, which is based on a distance nearest neighbor search to connect the given robot
routes with vans. The sequence of GetStartRendezvousNode, GetRobotRoute and Con-
nectionCheck procedure is repeated to construct one complete 2E-VRRP route until the
number of chosen robot routes in set S; is equal to the capacity of the van (Van,,,y) or
until all unconnected robot routes in set S3 (a copy of unconnected robot routes set S1)
have been tried (lines 5-15). The process iterates until all robot routes are connected

(lines 2-18). Finally, we output final solution S.

Algorithm 2 Simple_Connection_Heuristic(Sq)

1: Initialization: S, < &, S <+ @, Van,x
2: while S; # @ do
3: S, «+— o

4: Sz« Copy(S1)

5. while S3 # @ do

6: Node <+ GetStartRendezvousNode(Ss, S3)

7: RobotRoute <— GetRobotRoute(Node, Sy, S3)
8: Ss.remove(RobotRoute)

9: if !|(VanRobotRoute < ConnectionCheck(S,, RobotRoute)) then
10: Sp.add(RobotRoute)
11: end if
12: if len(Sy) = Vanyay or S3 = & then
13: S.add(VanRobotRoute), break while loop
14: end if

15: end while

16:  Sy.remove(Sy)

17: end while

18: Output: S

Note: Si: unconnected robot routes set, Sy: chosen robot routes, S3: a copy of Sy, S:
final solution, Van,: capacity of van.

The GetStartRendezvousNode procedure is applied to choose a drop-off node for Al-
gorithm 2 to start constructing one 2E-VRRP route. If it is the first drop-off node we will
choose, then we select the node with the maximum number of robot routes departing
from it. Otherwise, we select the drop-off node based on the nearest distance criterion.
Furthermore, a drop-off node can be selected more than once if there are robot routes

from this node not chosen. The GetRobotRoute procedure is implemented to choose a
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robot route based on the selected drop-off node. We classify the procedure into two
types involving four sub-scenarios as described in Table 3.1. The ConnectionCheck pro-
cedure is executed to connect the chosen robot routes. In order to simplify the con-
nection process, ConnectionCheck accesses all the drop-off nodes first according to the

chosen sequence. Afterward, ConnectionCheck visits the pick-up nodes according to the

selected order. The procedure checks the constraints during the whole process.

TABLE 3.1: Get Robot Route procedure

Scenario

Sub-Scenario

Operator

The drop-off node is the first
node a van visited in one 2E-
VRRP route

There is no previous robot route
connected

Choose the corresponding robot
route with the smallest robot ar-
rival time at its pick-up node

There is previous robot route
connected

Choose the node with nearest
distance from the chosen robot
route’s pick-up node to the pre-
vious robot route’s pick-up node

The drop-off node is not the first
node a van visited in one 2E-
VRRP route

For the robot routes depart-
ing from current drop-off node,
there exist corresponding pick-
up nodes the same as the pick-
up nodes of already chosen
robot routes

Select the robot route with the
same pick-up node to the al-
ready chosen robot routes

For the robot routes depart-
ing from current drop-off node,
there not exist corresponding
pick-up nodes the same as the
pick-up nodes of already chosen
robot routes

Select the robot route with the
nearest distance between its
pick-up node and the previous
robot route’s pick-up node

Third, we give a simple example of how the simple connection heuristic performs

in Figure 3.2. The triangles represent the rendezvous nodes, the square represents the
depot, and the circles are the customer nodes. The solid line with the arrow is the van
route, and the dotted lines with the arrow are robot routes. In order to simplify the
example and focus on the specific selection process, we assume that the van route 0-
A-D-B-C-0 is feasible in advance. Also, we assume robot route 1 has the shortest robot

arrival time at its pick-up node.

* Step 1: First we choose drop-off node A as it has 3 robots departing from it, which
is larger than the number for drop-off node D. Then we select robot route 1 since
it has the smallest robot arrival time at its pick-up node. Afterward, we check van
route 0-A-B-0 and find it feasible.

* Step 2: We select drop-off node A since it is closest to the drop-off node of the

previously chosen route 1. Next, we choose robot route 2 since its pick-up node
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B is nearest to the pick-up node for the previously selected route 1. Finally, van

route 0-A-B-0 is connected, and it is feasible.

* Step 3: We select the drop-off node A and robot route 3 based on the nearest
distance criterion, as done in step 2. Afterward, we use ConnectionCheck to check
and connect van route 0-A-B-C-0.

e Step 4: First we find drop-off node D as it has the nearest distance to the drop-off
node of the chosen route 3. Afterward, we choose robot route 4 since its pick-up
node C has already been chosen before. Van route 0-A-D-B-C-0 is feasible, and we
tind the number of robots that the van carried is up to its capacity. One complete
2E-VRRP route is successfully constructed.

. Depot node

Rendzvous node

O Customer node

------ Robot routes

<@—— Vanroutes

FIGURE 3.2: Simple Connection Heuristic example

3.3.2 Hybrid metaheuristic

Hemmelmayr et al., 2012 and Breunig et al., 2016 proposed a large neighborhood search-
based approach for handling general two-echelon routing problems in which they used
a destroy and repair operator with local search phase. Here, we draw on some of their
ideas and then present a hybrid metaheuristic approach to improve the construction
heuristic solutions. One way to achieve diversification is to re-start the procedure from
a new solution (Marti et al., 2019). It is clear that if the iteration number is fixed, the
initial solution has a significant impact on quality of the final solution. Hence, we also
borrow some of the ideas used in multi-start heuristics (Nguyen et al., 2012; Han and
Chu, 2016) to design the hybrid metaheuristic.
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The general structure of the hybrid metaheuristic is depicted in Figure 3.3. The
destroy-repair loop aims to minimize the primary objective while the iterated local
search (ILS) loop optimizes the primary and secondary objectives simultaneously. A
multi-start loop restarts the algorithm by starting from a new initial solution clearly
distinct from the previous one. Furthermore, we use maximum iteration numbers as
the acceptance criteria 1,2,3,4.

A more detailed algorithm in pseudocode is given in Algorithm 3. The construction
heuristics are used to generate multiple initial solutions from Si”i“”l to Sinitial (line 2),
The destroy-repair loop with an iteration number Iter N2,y (lines 5-13) is performed
to obtain solution S% (line 14). In which the destroy and repair procedures are run
until there is no customer node in the chosen customer node set S,,,4. (lines 8-11). If we
get S¥ for the first time or if the number of complete 2E-VRRP routes in S¥ is smaller
than the previous one, the local search and ILS procedures are implemented (lines 16-
27). Otherwise, the algorithm breaks out of the repair-destroy-ILS loop (lines 3- 32).
The ILS loop (lines 17-26) is run to update and obtain best solution 5 (line 22). In
which the perturbation and local search repeat until the iteration number is equal to
IterN3,.x. If the perturbation is feasible for the current best solution gbest the local
search is conducted to get solution send (lines 19-20). If S is better than S, then
update S”*! (lines 21-22). These procedures restart using the multi-start loop (lines
2-34), and every best solution Sbest will be saved in solution set S (line 33).

For two-echelon routing problems, the number of satellites is generally much less
than the number of customer nodes since a satellite is essentially like a small depot
and maintaining its normal operation requires funds. Hence, using an exact algorithm
to build the Ist-level route is a viable method if the number of rendezvous nodes is
small. In this chapter, we first construct the 2nd-level route and then use vans to connect
them. If we have several robots belonging to one van, we can employ a backtracking
algorithm to connect the robot routes with the van route. The method is applied in the
repair and ILS procedures. After a customer node has been inserted into a complete
2E-VRRP route or after performing moves in the ILS, the backtracking algorithm is
applied to check whether the 1st-level route can be successfully connected, and then
the backtracking outputs the solution with the minimum travel cost of 1st-level route if
needed.

Destroy and Repair

A feasible and straightforward way to reduce the number of vans used is to choose
a complete 2E-VRRP route to destroy it and then insert its customer nodes into other
2E-VRRP routes.
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FIGURE 3.3: Hybrid metaheuristic-General flowchart
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Algorithm 3 Hybrid_metaheuristic(IterN1pyax, [ter N2y, [ter N3yax)

1. Gimtial | ginitial o ConsrtuctionHeuristic(), The solution set S + @
2: for Sinitiul to Sinitiul do

max

3: Initialization: IterN1 < 0

4 while IterN1 < IterN1,,,, do

5 Initialization: The temp solution set S «<— &, [terN2 < 0
6: while IterN2 < IterN2,,,x do

7. Suode — 2, gtempl , S;’nitial

8 while S,,,;. is empty do

9 Gtemp2 ., gtempl

10: (Spode, S™PL) <— Repair(Destroy(S'mrt))

11: end while

12: Stemp add(Stmp?), IterN2 < IterN2 + 1

13: end while

14: Get S% by choosing the solution with minimum primary objective value in set S*"7

15: if we get the S%" for the first time or the number of complete 2E-VRRP route in S%" is
smaller than the previous one then

16: Sbest « Localsearch(S%")

17: Initialization: IterN3 < 0

18: while [terN3 < Iter N3, do

19: if Perturbation(St®*) is feasible then

20: Send < Localsearch(Perturbation(SP¢t))

21: if 5 better than S”*** then

22: Sbest — Send

23: end if

24: end if

25: IterN3 < IterN3 41

26: end while

27- S;‘nitiul . Sbest

28: else

29: break while loop

30: end if

31: IterN1 <— IterN1 +1

32:  end while

33:  S.add(Sbet)

34: end for

35: Output: Output the best solution in S
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The destroy procedure destroys a chosen complete 2E-VRRP route into the list of
nodes for re-inserting. In this chapter, we consider randomly choosing a 2E-VRRP
route to be destroyed, which guarantees a diversity of solutions. At each repair phase,
we randomly insert the lists of nodes obtained by the destroy procedure to other com-
plete 2E-VRRP routes in random order. In addition, the repair procedure inserts each
customer node at its first feasible position or at the position with the largest positive
saving of the secondary objective. If there are still nodes that cannot be successfully

inserted at the end, the insertion fails.

Local search

In this chapter, we exploit well-known moves such as insertion, swap, and 2-opt. Fur-
thermore, the moves we called ‘change-satellites” are also used to change the drop-off
and pick-up nodes of a robot route.

The 2-opt moves are executed inside the robot route. Details on 2-opt can be found
in (Croes, 1958). The insertion and swap operators are applied in three different route
configurations that are inside a robot route, inside a complete 2E-VRRP route, and be-
tween complete 2E-VRRP routes, respectively. The insertion moves searches the inter-
calation of one node after one of the neighbor nodes while the swap moves explore
swapping one node with one of the neighbor nodes. For one robot route, the change-
satellites operator involves changing the drop-off and pick-up node individually or si-
multaneously. Specific insertion, swap, and change-satellites operations are introduced
in greater depth below.

Figure 3.4 describes three neighborhood structures, and each contains several sub-
neighborhood structures. The insertion operators N1, N2, and N3 all consist of remov-
ing a customer node from a position i and inserting it after a position j: N1 removes and
inserts customer nodes in the same robot route, N2 removes and inserts customer node
in different robot routes from a same van, and N3 removes and inserts customer node in
different robot routes between different 2E-VRRP routes. Swap operators N4, N5, and
N6 all involve swapping customer-node positions. N4 swaps two customer nodes in
the same robot route whereas N6 swaps two customer nodes in different robot routes
incident to different 2E-VRRP routes. N5 swaps customer nodes in two robot routes
within a same van route. The change-satellites operators N7, N8, and N9 change pick-
up node only, drop-off node only, and both drop-off and pick-up nodes, respectively.

Since the insertion moves make it possible to reduce the number of van routes, the
local search procedure can simultaneously optimize both the primary and secondary
objectives. In the insertion process, we multiply a significant penalty by the number
of van routes in the cost function. Hence, once a solution emerges that reduces the

primary objective, it can readily become the current optimal solution and can be saved.
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In this chapter, we apply the sequential Variable Neighbor Descent (VND) with first
improvement (Duarte et al., 2018) to conduct the local search. Note that the neighbor
sequence is randomly predetermined before starting the VND in order to promote a

diversity of solutions.

Perturbation

We present the perturbation procedure involving three perturbations that bring a sig-
nificant change to the structure of the solution, which is good for escaping local optima.

The first perturbation Change-Multisatellites is an enhanced version of the change-
satellites operator which allows simultaneous change of two rendezvous nodes in a 2E-
VRRP route. The second perturbation Change-Robotroute determines that robot routes
can swap between different 2E-VRRP routes. The last perturbation Destroy-Repair-
Reconstruction randomly destroys a 2E-VRRP route and inserts its customer nodes into
other 2E-VRRP routes. If there are nodes left, the route is reconstructed by construction
heuristics.

For the reconstruction procedure, we use the GetStartCustomerNode procedure by
choosing the random start customer node selection strategy. Moreover, we randomly
choose a drop-off node selection strategy in the GetDropOffNode procedure, which is
used in the multi-start procedure of the hybrid metaheuristic. These two node selection
strategies guarantee the diversity of solutions.

Backtracking algorithm for connection

In general, one van carries several robots not exceeding its capacity. Furthermore, each
robot route starts from a drop-off node and ends at a pick-up node. However, different
robot routes may start from the same drop-off node or end at the same pick-up node. If
the number of robots carried by a van is larger than the number of physical rendezvous
nodes, in other words, L > m, there are 2m nodes that will be visited at most by one
van. Otherwise, there are at most 2L nodes that will be visited by one van. Overall,

a maximum of 2 % min(L,m) different rendezvous nodes will be visited by one van.
2«min(L,m)
2«min(L,m)
ation method. Furthermore, as there are priority constraints between visiting drop-off

Hence, there are less than A cases that need to be examined in a full enumer-
and pick-up nodes belonging to the same robot route, for example a van should visit
the drop-off node first before it can access the pick-up node on the same robot route,
then the possible combinations of visiting sequences will be significantly reduced.

If one of the two values L or m is small, we can connect the robot routes belonging to

one van entirely through an exact algorithm. For the instances studied here, L = 4,m =
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3,4,5. Hence, we choose a simple and adaptable backtracking algorithm to address the
connection between a van and its robots.

The backtracking algorithm involves a depth-first search scheme and recursive in-
vocation. After the van visits a rendezvous node, the collection of accessible ren-
dezvous nodes is synchronously updated. Pruning is also implemented if the current
arrival time of the van is greater than the pre-calculated latest allowed arrival time of
the van at the rendezvous node. Note that the general constraints are checked during
the whole flow of the algorithm for pruning. The algorithm records and outputs the
best solution finally.

The general structure of the backtracking connection algorithm is depicted in Al-
gorithm 4. If current accessible points set S, is empty (line 1), check and update the
best solution (Line 2-8). Return the status true/ false, best link Sbest and best value V.
If Sy is not empty (line 1), execute (lines 10-22). JudgeTimeWindow and UpdateCollection
procedures are run sequentially if connecting node i does not violate the JudgeTimeWin-
dow constraints (lines 12-14). Backtracking_Connection calls itself to obtain the new Gbest
and V if its status is true (line 15). If V is larger than a predetermined value that the
2E-VRRP route value cannot reach, return status as false (lines 20-22).

We introduce the UpdateCollection and JudgeTimeWindow procedures as follows.

UpdateCollection: For the robot routes belonging to one van, there are priority
constraints between the drop-off and pick-up nodes. For example, there may be sev-
eral viable robot routes starting from the same drop-off node but ending at different
pick-up nodes. These pick-up nodes have to be visited after the drop-off node has been
visited. Similarly, there may be several viable robot routes ending at the same pick-up
node but starting from different drop-off nodes. This pick-up node should be visited af-
ter all its relative drop-off nodes have been visited. During the Backtracking_Connection
algorithm, we continually update the accessible point collection (UpdateCollection) syn-
chronously after one rendezvous node has been visited.

The UpdateCollection procedure is addressed at each rendezvous node during the
backtracking algorithm. In the beginning, only drop-off nodes are allowed to be visited.
Once a drop-off node has been visited, we remove it from the accessible point collection.
For the current chosen drop-off node, there may be several robot routes departing from
it and ending at one or more than one pick-up nodes. For these pick-up nodes, if there
is the node whose corresponding drop-off nodes have all been visited, we put it into
the accessible point collection. In addition, if the algorithm visited one pick-up node,
we just remove it from the accessible point collection.

JudgeTimeWindow: In order to speed up the backtracking, we calculate the latest
allowed drop-off nodes arrival times for a van as a pruning standard. If a van arrived

at the drop-off node later than its latest allowed arrival time, the route is unfeasible. We
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Algorithm 4 Backtracking_Connection(Sy, Sy, gbest T v P)
1: if Sy is empty then
if the value of S; is large than V then
V < value(Sy)
Sbest — Sl
return(true, S, V)
else
return(false, S"*, V)
end if
else
10 forito S, do
1. SEMP KM Tty Copy(Sy, Sy, T)
12: if !(JudgeTimeWindow(i, 5;""", T'"?, P)) then

»

13: TP «— JudgeTimeWindow(, Siemp, Ttemp, P)

14: (Siemp, S;emp) < UpdateCollection(i, Siemp, S;Emr’)
15: (Sbest, V) <! (Backtrucking_Connection(Sf’ﬂp, S;emp, Gbest Ttemp 7, P))
16: else

17: return(false, St!, V)

18: end if

19:  end for

20:  if V large than predetermined largeValue then

21: return(false, S, V)

22:  end if

23: end if

24: return(true, S5, V)

Note: S;: already visited node list, Sy: current could visited node set, gbest: best result,
T: current time, V: value. P: chosen robot routes.




36 Chapter 3. Van-based robot urban deliveries problem

can quickly exclude permutations that are obviously not feasible.

We calculate the latest allowed drop-off node arrival time of a robot route from
back to front. First, we calculate the latest allowed arrival time of the relative pick-up
node, which equals the end of the depot time window minus the travel time between
depot and pick-up node. Second, we add the latest allowed arrival time of the previous
node to the travel time between the previous node and the current node. Then we
compare the value obtained before to the end of the customer node time window and
take the largest one. Third, we count the latest allowed arrival time of the drop-off
node considering the travel time from the previous node. Note that if several robot
routes depart from one drop-off node, we choose the smallest latest allowed arrival
time among them.

The specific operation process calculates the latest allowed drop-off arrival time be-
fore the Backtracking_Connection algorithm executes. Then we make a dictionary, in-
cluding the drop-off nodes and their corresponding latest allowed arrival times, to fa-
cilitate the query during JudgeTimeWindow procedure.

The JudgeTimeWindow procedure is applied to check the feasibility of the van visiting
each rendezvous node and output the departure time from that node. If the judged
node is a drop-off node, query the dictionary then see if we need to prune this node or
not. If the node does not need to be pruned, calculate and output the departure time
of the judged node. If the judged node is the pick-up node, judge the time window
constraints for the van and robot routes then output the departure time for the judged
nodes if feasible.

3.4 Computational study

We performed three types of computational experiments. First, we use CPLEX to pro-
vide benchmarks for small instances and estimate the scale of the problem that the
solver can manage. Second, we evaluate the performance of the multi-start heuristic,
iteration number, different moves and perturbations in the hybrid metaheuristic, and
then compare the hybrid metaheuristic results against the CPLEX results to analyze its
performance. Third, we implement a sensitivity analysis on the van/robot speed ratio
to see how the related speed influences the objective of the 2E-VRRP model.

The mathematical programming algorithm is coded in OPL. CPLEX 12.8 is used to
solve the MIP model. The hybrid metaheuristic is coded in python version 3.6.5. Both
CPLEX and python are executed on an Intel(R) Core(TM) 3.6GHz processor with 32 GB
memory running under Windows 10. Note that python is run with single-threading.
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3.4.1 Instance generation

Here we borrow the instances of (Van Woensel, 2018) adapted to testing the 2EVRPTW
problem. The specific instance generation approach can be found in (Dellaert et al.,
2018). There are 12 types of instances with 3/4/5 rendezvous nodes and 15/30/50/100
customer nodes, respectively. Each type of instance counts 20 instances that can be
divided into four cases according to the different time window and demand generation

methods:

* For customer i of an instance of category CA. randomly generate 20 < a4; < 260
and a; < b; < a;+20and d, = 10 or 20

* For customer i of an instance of category CB. randomly generate 20 < a; < 260
anda; < b; <a;+20and 5 <d, <25

¢ For customer i of an instance of category CC. randomly generate 60 < a; < 360
and a; < b; <a;+90and d, = 10 or 20

* For customer i of an instance of category CD. randomly generate 60 < a; < 360
anda; < b; <a;+20and d, = 10 or 20

We decreased the number of depots in the instances, as there is only one depot rather
than multi-depots in 2E-VRRP model. In our test setting, the first depot in the instances
is always chosen. In the algorithm design verification phase, we assume that speed of
the van and robot and cost of the van and robot per meter are identical. Note that we
propose a speed sensitivity analysis in section 3.4.3. Here, we assume that one van can
carry 4 robots at most, that the capacity of one robot equals 50, that the largest travel
time for one robot is 200, and that the time window of the depot is [0, 450].

After modifying the instances, there are several unfeasible instances for our exper-
iments. The infeasibility mainly manifested in violating the time windows of the cus-
tomer and the depot even in the most optimistic situation. In order to ensure the fea-
sibility of our instances, we maintained the absolute value width of the time window
unchanged, and then adjust the time window to just not violate the constraints.

3.4.2 CPLEX experiment

The total computation time for CPLEX 12.8 in each instance to minimize the primary
and secondary objective is limited to 5 hours (18000s), respectively. In order to speed
up the search, the upper bound of the primary objective value is obtained from the
construction heuristic. We also try to compute a better lower bound of the secondary
objective by column generation procedure (Desaulniers et al., 2006) within 5 hours.

If the column generation procedure is not completed in 5 hours, the best of a valid
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lower bound each iteration generated will be chosen as the column generation lower
bound. We finally choose an enhanced lower bound, a better one between CPLEX lower
bound and column generation lower bound, to assess the performance of our hybrid
metaheuristics. Note that the column generation procedure is coded in DOcplex by
calling CPLEX 12.8. The detailed column generation procedure is in A.1.

For each instance, CPLEX12.8 runs with default settings until finding an optimal
solution or exhausting the predetermined maximum computation time. The computa-
tional results of all instances are presented in Table 3.2-3.3. Column 1 indicates the test
instances, column 2 and column 4 show the solving time for primary and secondary
objective. Column 3 gives a minimum number of vans required to be used while the
columns 5, 6, and 7 are the upper bound and the lower bound of the secondary ob-
jective and the achieved gap, respectively. Column 8 and column 9 are the enhanced
lower bound got by column generation and the achieved gap between CPLEX upper
bound and the enhanced lower bound.

TABLE 3.2: CPLEX results for 15 customer instances

315 i15 515
TK(s) K TC(s) UB LB Cgap(%) ELB Egap(%) TK(s) K TCG) UB LB Cgap(%) ELB Egap(%) TKG) K TC(s) UB LB Cgap(%) ELB Egap(%)
CAT 05 20 50 38393839 3839 06 20 290 41134113 I3 72 20 88 40374037 1037

CA2 07 20 11 37853785 0 0 378.5 0 O 05 2.0 11.7 407.8 407.8 O 0 407.8 0 0 05 2.0 903 42054204 0 O 420.4 0 0
CA3 07 20 19 38783878 0.0 3878 0.0 0.6 2.0 109 44474447 0.0 4447 0.0 0.8 20 657 36023602 0.0 3602 0.0
CA4 04 20 26 40094009 0.0 4009 00 14 10 937 39783978 0.0 3978 0.0 17 20 108.1 34593459 0.0 3459 0.0
CA5 26 20 45 38283828 0.0 3828 00 04 1.0 15 30873087 0.0 3087 0.0 23 20 255 386.738.7 0.0 38.7 0.0
CBl 17 20 22 39183917 0.0 391.8 0.0 13 20 113 41454144 00 4145 00 253.0 1.0 5623.8 530.0 530.0 0.0 530.0 0.0
CB2 05 20 1.8 41044104 0.0 4104 0.0 0.6 2.0 28.6 44694469 0.0 4469 0.0 26 2.0 471 4069 4068 0.0 4069 0.0
CB3 09 20 616 44844484 0.0 4484 0.0 14 20 309 43854385 0.0 4385 00 23 20 67.0 36623662 0.0 3662 0.0
CB4 11 20 24 37763775 00 3776 0.0 08 20 526 39363935 0.0 3936 0.0 82 1.0 1245 33523352 0.0 3352 0.0
CB5 26 10 43 40814081 0.0 4081 0.0 1.2 10 20 36163616 0.0 3616 0.0 24 20 549 396.63%.6 00 39.6 0.0
CC1 2064.6 2.0 31.8 361.9361.8 0.0 3618 0.0 1038.3 2.0 18000.0 419.9 346.4 17.5 4155 1.0 0.6 1.0 4321.8 3403 340.3 0.0 3403 0.0
CC2 18000.0 2.0 182.1 344.8 3447 0.0 3448 0.0 770.0 2.0 530.7 391.53915 0.0 3915 0.0 24 1.0 18000.0 359.8 308.0 144 350.7 2.5
CC3 4486 2.0 978 38093809 0.0 3809 0.0 [18000.0 2.0 18000.0 435.9 369.8 152 419.8 3.7 1764.7 2.0 18000.0 354.5 284.6  19.7 3379 47
CC4 1225.0 2.0 2633.8 379.3 3793 0.0 3793 0.0 172 2.0 18000.0 377.6 326.4 13.6 3644 3.5 |18000.0 2.0 13593.3 347.3 3472 0.0 3472 0.0
CC5 04 1.01107.2 286.52864 0.0 2865 0.0 08 1.0 296 30143014 00 3014 0.0 300.5 2.0 18000.0 392.8 320.4 184 3744 47
Cbl 15 20 18 37083708 0.0 3708 0.0 08 2.0 215 40844084 00 4084 0.0 1.8 20 95 38543854 0.0 384 00
CD2 02 10 16 34883488 0.0 3488 0.0 20 20 68 3969399 00 399 0.0 06 1.0 60 38423842 0.0 3842 0.0
CD3 02 10 14 3821381 00 3821 00 15 20 330 45124512 00 4512 0.0 11.8 20 501 35123512 00 3512 0.0
CD4 05 20 62 38163816 0.0 3816 0.0 12 20 185 35543553 0.0 3554 0.0 40 20 425 33953394 0.0 3394 00
CD5 05 20 22 36893689 0.0 3689 0.0 0.7 1.0 294 30143014 0.0 3014 0.0 16 20 137 40434042 00 4042 00

TABLE 3.3: CPLEX results for 30 customer instances

3-30 4-30 5-30
TK(s) K TC(s) UB LB Cgap(%) ELB Egap(%) TK(s) K TC(s) UB LB Cgap(%) ELB Egap(%) TK(s) K TC(s) UB LB Cgap(%) ELB Egap(%)
CAl1 549 3.0 18000.0 756.6 687.2 752.7 123.7 3.0 18000.0 702.3 594.0 154 693.7 16.0 3.0 18000.0 624.4 558.6 105 602.2

CA2 558 3.0 18000.0 653.1 618.9 5 2 653.1 O O 19.5 3.0 18000.0 687.1 613.5 10.7 676.8 1 5 18.5 3.0 18000.0 635.7 552.4 13.1  624.8 1 7
CA3 266 3.018000.0 688.5 616.0 105 680.3 1.2 141.1 3.0 18000.0 649.1 556.2 143 639.5 1.5 713 3.0 2050.1 602.6 6025 0.0 6025 0.0
CA4 342 3.0 21004 579.5579.4 00 5794 0.0 242 3.0 18000.0 688.8 590.2 143 6763 1.8 18.8 3.0 18000.0 6622 578.1 12.7 5781 12.7
CA5 30.8 3.018000.0 650.1 577.2 112 650.1 0.0 17.8 3.0 18000.0 585.1 542.5 7.3 5851 0.0 6845.4 3.0 18000.0 649.4 488.1 24.8 4881 248
CB1 1923 3.0 18000.0 768.8 706.3 81 7582 14 41.1 3.0 18000.0 713.6 563.7 21.0 673.1 5.7 180.9 3.0 18000.0 644.3 512.6 204 580.1 10.0
CB2 64 3.014885.8 63226322 00 6322 0.0 161.5 3.0 18000.0 647.5 5842 9.8 6429 0.7 6844.3 3.0 18000.0 640.0 531.0 17.0 588.1 8.1
CB3 130.8 3.0 18000.0 691.3 606.4 123 6799 16 46.8 3.0 18000.0 651.7 564.5 134 623.1 44 5724 3.0 18000.0 637.8 534.5 162 5345 16.2
CB4 17.0 3.0 18000.0 613.0 557.4 9.1 6092 0.6 121.6 3.0 18000.0 689.7 561.9  18.5 654.1 52 |18000.0 3.0 18000.0 681.6 572.2 16.1 5722 16.1
CB5 304 20 2809.0 623.6 6235 0.0 6235 0.0 175.8 3.0 18000.0 615.5 553.9  10.0 6019 22 |18000.0 3.0 18000.0 690.5 498.2 27.8 4982 27.8
CC1 18000.0 2.0 18000.0 658.9 436.8 33.7 436.8 33.7 [18000.0 3.0 18000.0 713.4 4180 41.4 503.3 29.5 [18000.0 3.0 18000.0 685.4 407.1 40.6 407.1 40.6
CC2 18000.0 3.0 18000.0 695.8 381.1 452 381.1 452 |18000.0 3.0 18000.0 647.5 466.0 28.0 466.0 28.0 |18000.0 3.0 18000.0 611.9 399.4 347 3994 347
CC3 18000.0 3.0 18000.0 651.8 336.6 484 450.8 30.8 [18000.0 3.0 18000.0 671.3 436.5 35.0 436.5 35.0 [18000.0 3.0 18000.0 670.0 460.4 31.3 460.4 31.3
CC4 18000.0 3.0 18000.0 599.9 397.9  33.7 4420 263 |18000.0 3.0 18000.0 627.5 440.9 29.7 453.8 27.7 [18000.0 3.0 18000.0 682.1 431.6 36.7 431.6 36.7
CC5 18000.0 3.0 18000.0 651.0 381.7 41.4 4327 33.5 |18000.0 3.0 18000.0 595.3 418.3 29.7 4183 29.7 [18000.0 2.0 18000.0 628.4 340.6 458 340.6 458
CD1 474 20 9770 61976197 00 6197 0.0 17.8 3.0 18000.0 688.7 624.0 94 6712 25 19.2 3.0 18000.0 656.4 522.4 204 6245 4.9
CD2 313 3.015046.2 628.3 6282 0.0 6282 0.0 1039.3 3.0 18000.0 647.4 548.,5 153 6439 0.5 16.7 3.0 18000.0 635.0 538.4 152 6127 3.5
CD3 3153 3.0 12249.1 648.6 648.6 0.0 648.6 0.0 1143.2 3.0 18000.0 614.0 575.6 6.3  606.5 1.2 28.0 3.0 6316.7 590.1 5900 0.0 590.0 0.0
CD4 312 3.0 5160 58395839 00 589 0.0 69.0 3.0 18000.0 664.5 564.1 151 661.7 0.4 349.8 3.0 18000.0 673.0 570.1 153 630.1 6.4
CD5 124 3.0 18000.0 647.9 595.9 8.0 641.9 0.9 41.8 3.0 18000.0 640.6 539.0 159 630.5 1.6 312.3 3.0 18000.0 647.4 487.8 246 487.8 246

It is easy to observe from the results that CPLEX could solve most instances of
15 customers with 3, 4, and 5 rendezvous nodes. 3/6 instances cannot be solved in
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5 hours for the primary/secondary objective. For 30 customers instances, 17/60 in-
stances cannot be solved within the specified time. While the secondary objective of
most 30 customer instances cannot be solved within 5 hours, especially for 4-30 and
5-30 rendezvous nodes-customer cases. In general, data suggest that the increase in the
number of rendezvous nodes increases the difficulty of the problem for the primary
and secondary objective.

In addition, The Egap is very lower for most 15 customers instances. For instances
with larger Cgap, The value of Egap decreased significantly compared with the value of
Cgap. Such as instance CC1-4-15, CC3-4-15, CC4-4-15, CC2-5-15, CC3-5-15, and CC5-
5-15. For 30 customers instances, the value of Egap is lower than that of the Cgap for
a lot of instances. In other words, the column generation lower bound is better than
the CPLEX lower bound, and the gap improvement is significant for some instances.
However, there still are instances with big Egap, which also reflects the difficulty of
solving the problem.

3.4.3 Hybrid metaheuristic experiment

We tested 60 instances of 15 customer nodes with 3/4/5 rendezvous nodes. The hybrid
metaheuristic results were compared against the CPLEX results to evaluate the multi-
start heuristic, iteration number, different moves, and perturbations performances in
the hybrid metaheuristic. After preliminary experiments, we selected an initial set
of algorithmic components to investigate the contribution of the different algorithmic
components. In which IterN1,,,x = 5, [terN2y,, = 10, Iter N3, = 50 and the two-
start heuristic contains the optimal and nearest drop-off nodes selection strategy in Al-
gorithm 3 are chosen. Furthermore, the four moves involve swap, insertion, 2-opt, and
change-satellites, as well as the two perturbations Change-Multisatellites, Destroy-Repair-
Reconstruction, are used.

In Tables 3.4-3.7, the AT(s) row is the average runtime for the hybrid metaheuristic,
the gap0(%) row represents the gap between the average hybrid metaheuristic result
and the CPLEX upper bound (baseline) for the secondary objective value. The average
gap0 and runtime were obtained by solving each instance 10 times.

Based on the performance evaluation of the different algorithmic components, we
designed an efficient hybrid metaheuristic. We compared the results obtained using
the hybrid metaheuristic against the results with CPLEX to see how the algorithm per-
forms: See Section 3.4.3.
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Multi-start, iteration number, moves and perturbations performance

First, we investigated whether the multi-start procedure performs better than the one-
start procedure. Section 3.3.1 provided optimal and nearest drop-off node selection
strategies for construction heuristics. Here we evaluate the performance of one-start
(optimal/nearest) and two-start strategies at a fixed runtime and see how they per-
form. Note that the one-start or two-start strategy are both adopted in the construction
heuristic and reconstruction.

The two-start and one-start strategies were compared with the runtime of the hybrid
metaheuristic set to 70s. The results are shown in Table 3.4. The table quickly shows that
the gap0 of the two-start strategy at gap0 1.655% is better than both one-start strategies
with gap0 1.781% and gap0 2.143%. We suspect that in cases where the runtime is pre-
determined, presetting two distinct initial solutions make the search space larger. Note
that the drop-off node selection strategies used in the multi-start procedure are also

involved in the reconstruction phase of perturbation.

TABLE 3.4: Comparison of multi-start and one-start strategies

Optimal-Nearest Optimal Nearest
gap0(%) 1.655 1.781 2.143

Second, we investigated how the quality of the solution changes as number of
IterN3,,4y increases. The experimental results are reported in Table 3.5, where row 1
represents the iteration number from 25 to 400. It is easy to observe from Table 3.5 that
as the iteration number increases, the gap0 is trends downward while the AT is on an
approximately linear upward trend. It seems that the algorithm can give a fairly good
solution as long as it allowed for longer computation times.

The gap0 decreased significantly from 3.259% at iteration number 25 down to 2.050%
at iteration number 50. From iteration number 50 to 200, the gapO fell by nearly 0.9% as
runtime increased from 47.186s to 185.061s. From 200 to 400 iterations, the gap0 slowly
declined from 1.189% to 0.844% as runtime increased rapidly from 185.016s to 362.556s.
We can choose the appropriate IterN3,,,x based on the runtime limit and accuracy re-

quirements.

TABLE 3.5: Sensitivity analysis on iteration number

25 50 75 100 200 300 400

gap0(%) 3.259 2050 1732 1527 1.189 1.031 0.844
AT(s) 25.012 47.186 69.984 94.633 185.016 277.287 362.556
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Third, we compared the performances of the moves. Table 3.6 reports the results
of our sensitivity analysis on the moves. Row 1 indicates the different combinations of
moves in which the basemoves contain the swap, insertion, 2-opt, and change-satellites,
and the next four columns represent the combinations of the 3 moves respectively.
From the simulation results, we know that the change-satellites operator is the most
time-consuming one. If we remove the change-satellites operator, the average runtime
reduces to 11.572s compared with 47.186s for the basemoves. However, without the
change-satellites operator, the gap0 drops rapidly from 2.050% to 5.189%. Removing
the swap or insertion operator reduces the quality of the solution to a similar extent as
removing the change-satellites operator, but less time gets saved. Overall, removing
swap, insertion or change-satellites increases the gap0 to over 5%, which makes the
quality of the solution challenging to accept.

The 2-opt operator had almost no effect on the quality of the solution, giving a gap0
of 1.978% versus 2.050% for basemoves. Also, removing the 2-opt operation did not
significantly reduce the solution time. The cause for this phenomenon may come from
our instances as there were fewer than 5 customer nodes visited in each robot route,
which limited the space for the 2-opt operation. We keep this move and hope it could
be useful to the problem where each robot route contains a more significant number of

customer points.

TABLE 3.6: Sensitivity analysis on the moves

basemoves noswap noinsertion no2-opt no change-satellites

gap0(%) 2.050 6.315 5.430 1.978 5.189
AT(s) 47.186 34.167 41.007 46.843 11.572

Fourth, we analyzed the quality of each perturbation. Table 3.7 reports our sensi-
tivity analysis on perturbations. Experiments kept the IterN3,,,c = 50 unchanged then
employed the different perturbations combinations shown in row 1. CMS is for Change-
Multisatellites, CR is for Change-RobotRoute and DRR if for Destroy-Repair-Reconstruction.

Table 3.7 shows that DRR has the best gap0 compared to CMS and CR. CR per-
formed the worst but also had the shortest runtime. We also found that using the
CMS-DRR combination gave the best quality of solution, with a 2.050% gap0 among
all combinations. Compared to several other well-behaved perturbation combinations,
like CMS-CR-DRR with 2.523% gap0 or DRR with 2.668% gap0, CMS-DRR gave better
performance at a comparably similar runtime. We thus removed the CR perturbation

from the final hybrid metaheuristic.
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TABLE 3.7: Sensitivity analysis on the perturbations

CMS-CR-DRR CMS-CR CR-DRR CMS-DRR CMS CR DRR

gap0(%) 2.523 4.766 2.937 2.050 5832 8755 2.668
AT(s) 44.065 39.645 39.262 47.186 46.625 28.959 50.842

Hybrid metaheuristic results

The hybrid metaheuristic was run for all the instances of 15/30/50/100 customer nodes.
We set Iter N3, = 200 for instances with 15/30/50 customers as it guarantees good-
quality solutions at acceptable runtimes. For instances with 100 customers, we set
IterN3,x = 50 to ensure that the average runtime of the hardest instances with 5
rendezvous nodes and 100 customers can be solved in 1 hour.

The 120 instances with 15/30 customers were compared to the results obtained by
CPLEX. We found that the hybrid metaheuristic has an acceptable runtime and always
reaches optimal solutions (when known) computed using CPLEX.

Tables 3.8-3.11 report the results for the hybrid metaheuristic. BK and AK are the
best and average primary objective value. BC and AC are the best and average sec-
ondary objective value. SDK and SDC represent the standard deviation of the primary
and secondary objective value. AT(s) is the average runtime of the hybrid metaheuris-
tic. Tables 3.8-3.9 also feature gap1(%) and gap2(%), which are the gap between best
hybrid metaheuristic result and CPLEX upper bound (baseline) and the gap between
average hybrid metaheuristic result and CPLEX upper bound (baseline) for secondary
objective value, respectively. Besides, the gap3(%) and gap4(%) are the gap between
best hybrid metaheuristic result and enhanced lower bound (baseline) and the gap be-
tween average hybrid metaheuristic result and enhanced lower bound (baseline) for
secondary objective value, respectively.

For the instances CB5-3-15, CB5-4-15, and CB1-5-15, the best/average primary ob-
jective values obtained from the hybrid metaheuristic are different from the CPLEX
values, and so this data was eliminated when calculating the average gap1, gap2, gap3,
and gap4. For clarity, we put a star behind the value where there is a difference be-
tween CPLEX and our algorithm in the primary objective. All gapl, gap2, gap3, and
gap4 values < 0 are highlighted in bold (except those with a star). In addition, the
instances with Egap(%) larger than 10% in Tables 3.2-3.3 are highlighted in italics in
Tables 3.8-3.9.

First, we compared the hybrid metaheuristic results of small and medium-sized in-
stances to CPLEX results. Tables 3.8-3.9 report comparative results. For the primary
objective value, the hybrid metaheuristic performs almost as well as the CPLEX results
(in Tables 3.2-3.3). Two CPLEX results are better (CB5-3-15 and CB1-5-15), while other
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values of the 118 instances are the same. Note that for these two instances with different
primary objective values, we will eliminate them when comparing the secondary ob-
jective value since such comparisons do not make sense. For why the better secondary
objective solutions are derived by our hybrid metaheuristic for these two instances, we
think increasing the number of vans used may lead the total travel distances of the
2E-VRRP model decrease in some cases.

For the secondary objective value, more than two thirds of the hybrid metaheuris-
tic’s best results are the same as or even better than the CPLEX upper bounds (gap1 <
0). Furthermore, the average gap2 is below 0.9% for 15/30 customers instances. Note
that for the instances with 5 rendezvous nodes and 30 customers, the hybrid meta-
heuristic performs much better than CPLEX upper bound.

Besides, more than two-thirds of the hybrid metaheuristic’s best results are the same
as the enhanced lower bound (gap3 = 0), and the average gap4 is nearly 1.43% for 15
customers instances. For 30 customers instances, some best results of hybrid meta-
heuristic have a larger gap with the enhanced lower bounds. The main reason may be
the enhanced lower bounds we got are still weak, and the enhanced lower bound may
have a larger gap with the optimal value. If we remove the instances of 30 customers
with Egap > 10% (highlighted in italics in Tables 3.9), the average gap3 and gap4 are
acceptable, 2.2% and 4.2% respectively.

The results for 50 and 100 customers are shown in Tables 3.10-3.11, which show
that as the number of rendezvous nodes increases, the average secondary objective
value trends downward. Hence, a reasonable increase in rendezvous nodes is useful
for saving transportation costs.

For all the instances, category CC instances with wide time windows had the longest
runtimes. We suspect that the wider time windows result in a larger solution space, and
our hybrid metaheuristic contains backtracking algorithms that need an exact search of

the solution space, so category CC instances cause long runtimes.

3.4.4 Sensitivity analysis on related speed

As speed of the vehicles may affect the model-computed outputs, we analyzed the
impact of vehicle speed changes on the results.

The speed of robots is commonly around walking speed (5km /h) in real-world ap-
plications. For the robot, a speed faster than 10km/h seems to be unrealistic in pedes-
trianized and high density urban areas. Hence, we assume the speed of the robot to be
between 5 and 10 km/h in our experiments. Besides, the van speed can be assumed to
be usually less than 30km /h as imposed by speed limits in city centers. We assume the
speed of vans to be between 15 and 25 km/h in our experiments.
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TABLE 3.8: Hybrid metaheuristic for 15 customer instances (Iteration 200)

3-15 4-15 5-15

BK BC AK AC SDK SDC AT gapl gap2 gap3 gap4 |[BK BC AK AC SDK SDC AT gapl gap2 gap3 gap4| BK BC AK AC SDK SDC AT gapl gap2 gap3 gap4
CA1 20 3839 20 3839 00 01 797 00 00 0.0 00 |20 4113 20 4130 00 19 1266 00 04 0.0 04 |20 4037 2.0 4058 00 1.8 2029 0.0 05 00 05
CA2 20 3785 20 3785 0.0 00 1253 00 00 0.0 00 |20 4081 20 4151 00 49 1975 01 17 01 18 |20 4205 2.0 4205 00 02 3141 0.0 00 00 0.0
CA3 20 3908 20 3914 00 12 547 08 09 08 09 |20 4468 20 4477 00 10 815 05 07 05 07 |20 3602 2.0 3604 00 03 949 0.0 01 00 0.1
CA4 20 4009 2.0 4075 00 78 753 00 16 00 16 |10 3978 1.0 3999 00 17 1072 00 05 0.0 05 |20 3468 2.0 3476 00 04 996 03 05 03 05
CA5 20 3828 20 38.1 00 04 537 00 01 00 01 [10 3098 10 3118 00 24 566 04 10 04 10 [20 3867 2.0 387 00 01 1587 00 00 00 0.0
CB1 20 3918 2.0 3922 00 02 753 00 01 00 01 (20 4145 2.0 4242 0.0 146 1785 0.0 23 0.0 23 |2.0* 3862 2.0* 4000 00 93 1062 -372 -325 -37.2 -325
CB2 20 4104 2.0 4221 00 62 535 00 28 00 28 |20 4469 2.0 4508 0.0 76 1409 0.0 08 00 08 |20 4069 20 4146 00 56 1709 00 19 00 19
CB3 20 4484 20 4541 00 34 767 00 12 0.0 13 |20 4385 20 4532 00 109 1984 00 32 0.0 32 |20 3662 20 3662 00 00 725 00 00 00 00
CB4 20 3776 20 3847 00 42 759 00 19 0.0 1.9 |20 3936 20 4014 00 90 1128 00 19 00 19 |10 3359 10 3498 0.0 60 1513 02 42 02 42
CB5 2.0* 3555 2.0* 3555 00 00 588 -148 -148 -148 -148|1.0 361.6 1.9* 351.8 03 35 1045 0.0 -28 0.0 -28 |20 396 20 3987 00 22 2014 00 05 00 05
CCl 2.0 3619 20 3625 0.0 13 1505 00 02 00 02 |20 4199 2.0 4258 0.0 33 3602 00 14 10 24 |10 3403 1.0 3403 00 00 8755 0.0 0.0 0.0 00
CC2 2.0 3458 2.0 3469 0.0 04 2238 03 06 03 06 |20 391 2.0 4070 0.0 84 3602 12 38 12 38 |10 3598 1.0 3652 00 3.0 6343 00 15 25 40
CC3 2.0 3809 20 3908 0.0 59 1338 00 25 00 25 |20 4359 2.0 4485 0.0 66 3403 00 28 37 64 |20 3545 20 3545 00 0.0 2675 0.0 0.0 47 47
CC4 2.0 3793 2.0 3807 0.0 34 1472 00 04 00 04 |20 3716 2.0 3741 00 79 2898 -1.6 -09 19 26 |20 3480 20 3495 00 08 4742 02 06 02 06
CC5 1.0 2865 1.0 2865 0.0 00 1505 00 00 00 00 |10 3014 1.0 3084 0.0 32 2539 00 23 00 23 |20 3928 20 3972 00 47 5413 00 11 47 57
CD1 20 3708 20 3719 00 1.7 992 00 03 0.0 03 |20 4084 20 4088 00 13 2135 00 01 0.0 01 |20 38.4 20 3926 00 11.1 3191 0.0 18 00 18
CD2 10 3488 10 3623 00 93 681 00 37 0.0 37 |20 4023 20 4043 00 26 1484 13 18 13 18 |1.0 3842 1.0 3876 00 48 2174 0.0 09 00 09
CD3 10 3869 10 3989 00 77 495 12 42 12 42 |20 4512 20 4527 00 16 1666 00 03 0.0 03 |20 3512 20 3512 00 0.0 1602 0.0 00 0.0 0.0
CD4 20 3816 20 386 00 85 1103 00 10 0.0 10 |20 3554 20 3554 00 00 1873 00 00 0.0 00 |20 3395 2.0 3428 00 12 1633 0.0 10 00 1.0
CD5 20 3689 20 3696 00 22 572 00 02 0.0 02 |10 3014 1.0 3081 0.0 27 2466 00 22 0.0 22 |20 4043 2.0 4065 00 26 2758 0.0 06 00 0.6
Aver 19 3766 19 3804 00 32 99 01 11 01 11 |18 3936 1.8 3981 00 48 1936 01 14 05 1.8 |18 3735 18 3769 00 27 2751 00 08 07 14
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TABLE 3.10: Hybrid metaheuristic for 50 customer instances (Iteration 200)

3-50 \ 450 \ 550

BK BC AK AC SDK SDC AT(S) |[BK BC AK AC SDK SDC AT(S) |[BK BC AK AC SDK SDC AT(S)

CAl1 4.0 1029.5 4.0 10576 0.0 194 5874 |40 9656 4.0 9843 00 123 12141|4.0 9265 40 961.7 0.0 357 16113
CA2 4.0 1066.8 4.0 1076.7 0.0 88 7744 |40 9832 40 9965 00 108 1959.4|4.0 9137 40 9303 0.0 116 12764
CA3 4.0 10127 4.0 10347 0.0 172 1064.6|4.0 969.6 4.0 9829 00 72 11788|4.0 8899 40 9042 0.0 9.8 25201
CA4 40 9932 40 10002 0.0 58 1028.6|4.0 8405 40 8548 0.0 13.1 13954|4.0 9206 40 9359 0.0 10.8 2452.0
CA5 4.0 9524 40 9643 00 75 8818 |40 9438 40 9641 00 217 13823|4.0 9273 40 951.8 0.0 159 2609.6
CBl 4.0 9940 4.0 10071 0.0 10.1 1068.1|4.0 9657 4.0 10043 0.0 174 9404 |40 9225 40 9457 0.0 214 14510
CB2 4.0 1000.0 4.0 10160 0.0 126 791.2 |40 9657 4.0 10043 0.0 174 9404 |40 971.8 4.0 10069 0.0 28.0 952.8
CB3 4.0 10224 40 10539 0.0 231 7420 |40 986.6 4.0 10248 0.0 303 11142|4.0 1047.0 49 10442 03 118 1765.6
CB4 40 9838 40 9948 0.0 86 7149 |40 8884 40 9197 00 186 1060.1|4.0 896.1 40 9455 0.0 292 1586.6
CB5 4.0 9821 40 10036 0.0 13.7 1056.8|4.0 9940 4.0 10200 0.0 193 1313.1|4.0 9088 40 9350 0.0 149 2689.2
CCl1 40 9408 4.0 9466 0.0 52 2384640 8665 40 8796 0.0 106 3386.5|4.0 853.7 40 8763 0.0 14.0 5573.0
CC2 40 9904 4.0 10035 0.0 121 2017.8|40 8863 4.0 9094 0.0 129 32789|4.0 8472 40 8792 00 233 7529.1
CC3 40 9026 4.0 9206 00 11.0 2071.6|40 8984 40 9095 0.0 9.0 3246.4|4.0 8763 40 8869 00 51 48123
CC4 40 9414 40 9473 0.0 48 179.6|40 7924 40 8072 0.0 116 34202|40 9016 42 9209 04 17.0 359%4.1
CC5 4.0 1001.6 4.0 10089 0.0 54 1861.8|50 9969 50 10214 0.0 168 34494 |40 8892 4.0 9113 00 235 5779.2
CD1 40 9939 4.0 10063 0.0 11.0 1580.8 4.0 913.8 4.0 9350 0.0 134 2391040 8713 4.0 8898 0.0 13.5 3628.7
CD2 4.0 1067.8 4.0 1080.9 0.0 10.8 1029.8 4.0 9434 40 951.7 0.0 64 18672|40 8736 4.0 8860 00 9.6 4995.0
CD3 40 9603 4.0 9802 0.0 179 13529|4.0 988.6 4.0 1007.8 0.0 143 1448.6|4.0 9103 4.0 9314 0.0 10.8 3166.7
CD4 40 9774 40 9939 0.0 133 1371.3|4.0 8225 40 8456 0.0 158 2018.1|4.0 8637 4.0 889.8 0.0 201 3783.1
CD5 4.0 1011.0 40 10424 0.0 271 8183 |40 9682 40 986.0 0.0 11.8 2091.0|4.0 9019 4.0 9260 0.0 145 3909.1

Aver 40 9912 4.0 10070 0.0 123 124948‘4.1 929.0 4.1 9504 0.0 145 1954.8|4.0 9056 4.1 9279 0.0 17.0 32843

TABLE 3.11: Hybrid metaheuristic for 100 customer instances (Iteration 50)

3-100 \ 4100 \ 5-100

BK BC AK AC SDK SDC AT(S) |[BK BC AK AC SDK SDC AT(S) |[BK BC AK AC SDK SDC AT(S)

CA1 8.0 19253 8.0 1977.6 0.0 29.6 1234.0|8.0 1891.8 80 19277 0.0 299 14854|8.0 1812.6 8.0 18554 0.0 349 2296.4
CA2 8.0 1958.4 8.0 20339 0.0 61.1 10469 (7.0 18102 7.0 18642 0.0 683 8865 8.0 1699.8 8.0 1758.0 0.0 34.7 2018.1
CA3 8.0 1990.1 8.0 20355 0.0 29.8 1111.3|8.0 2069.1 8.0 21425 0.0 458 1377.7|8.0 17054 8.0 17771 0.0 39.1 1657.8
CA4 8.0 23154 80 23808 0.0 382 1077.1|7.0 17008 7.0 17643 0.0 351 1317.1(8.0 17981 8.0 18686 0.0 40.1 2266.2
CA5 8.0 1855.0 8.0 19160 0.0 33.6 1669.4|80 18170 8.0 1867.0 0.0 358 2476.8|8.0 17614 8.0 18420 0.0 463 22135
CBl1 7.0 18520 7.0 19245 0.0 438 8394 7.0 18994 7.0 19866 0.0 610 7744 |80 18236 8.0 19043 0.0 50.5 2129.1
CB2 8.0 19646 80 20279 0.0 452 10404 8.0 18925 8.0 1929.6 0.0 279 1607.0|8.0 1711.7 8.0 17972 0.0 43.5 1886.0
CB3 8.0 19702 8.0 20268 0.0 327 1156.2|8.0 2090.3 8.0 21587 0.0 40.6 1318.7|8.0 17674 8.0 18474 0.0 358 1854.0
CB4 80 23015 80 23654 0.0 382 8282 |80 21227 89 20581 03 424 13854|8.0 1960.6 84 20195 0.5 65.0 1466.6
CB5 80 19020 80 19412 0.0 27.0 1181.1|8.0 1890.6 8.0 1976.2 0.0 472 11442|8.0 1910.7 8.0 20473 0.0 985 1294.1
CC1 8.0 18479 80 1891.1 0.0 287 3557.8|8.0 17373 8.0 1813.6 0.0 381 3153.3|8.0 16952 8.0 17644 0.0 42.7 6271.8
CC2 80 17424 80 17809 0.0 302 24834|8.0 1771.7 8.0 18284 0.0 33.1 4161.9|8.0 16009 8.0 16412 0.0 31.6 49702
CC3 8.0 1875.0 80 19140 0.0 351 19941|7.0 1768.1 7.0 1849.7 0.0 37.0 5149.8|8.0 16771 8.0 1721.8 0.0 287 51134
CC4 80 21853 8.0 22370 0.0 314 2139.8|8.0 17414 8.0 1786.8 0.0 29.3 4083.3|8.0 1653.7 80 17281 0.0 359 56253
CC5 8.0 1810.1 80 18392 0.0 247 2439.4|8.0 17746 8.0 18222 0.0 27.7 34362 |80 17204 80 1791.0 0.0 36.4 4613.2
CD1 8.0 1801.2 8.0 1846.5 0.0 35.6 16159 (8.0 18856 8.0 19173 0.0 144 2173.0|8.0 3282.0 8.0 33475 0.0 52.6 1966.1
CD2 8.0 19279 81 20179 0.3 487 9059 |80 17675 8.0 18589 0.0 39.0 1825.0|8.0 1650.3 8.0 1696.1 0.0 38.0 3638.4
CD3 8.0 1931.2 8.0 19645 0.0 261 9760 |70 18515 7.0 19199 0.0 36.8 1673.8|8.0 1700.5 8.0 1762.6 0.0 50.3 3604.8
CD4 8.0 2201.7 8.0 2261.1 0.0 40.1 1019.2|8.0 18385 8.0 19052 0.0 33.7 1972.8|8.0 1742.0 8.0 1796.1 0.0 40.7 3604.1
CD5 8.0 1832.0 8.0 1901.4 0.0 488 1529.0|8.0 1827.6 80 18689 0.0 239 18415|8.0 17779 8.0 18412 0.0 382 3808.2

Aver 8.0 1959.5 8.0 20142 0.0 364 1492.2|7.8 18574 7.8 19123 0.0 374 21622|8.0 18226 8.0 1890.3 0.0 442 31149
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We chose simple instances to test different van/robot speed combinations by CPLEX
to see how vehicle speeds influence the results. We set 5km/h as the baseline speed.

For the CPLEX experiments, we generated the different van/robot speed combina-
tions via the following step. First, we set the speed of robot equals to 5km/h. Then, we
kept robot speed unchanged but gradually increased van speed from 15km /h, 20km /h,
up to 25km/h. Next, we kept van speed unchanged but increased robot speed from
5km/h up to 10km/h.

We chose 15 simple instances with 3 rendezvous nodes and 15 customers to imple-
ment the CPLEX experiments. Tables 3.12 shows the instances used in column 1. For
the primary objective value, all results for van/robot speed combinations were identi-
cal. The secondary objective results are reported in Table 3.12, where row 1 gives the
different combinations of the van/robot speed. Bold-type shows that results are differ-

ent from the previous column.

TABLE 3.12: Sensitivity analysis on related speed by CPLEX

3-15 (15km/h,5km/h) (20km/h,5km/h) (25km/h,5km/h) (25km/h,10km/h)

CAl 383.86 383.86 383.86 383.49
CA2 378.54 378.54 378.54 378.54
CA3 385.91 385.91 385.91 385.91
CA4 400.92 400.92 400.92 400.92
CA5 382.76 382.76 382.76 380.72
CB1 391.76 391.76 391.76 391.76
CB2 363.70 363.70 363.70 351.87
CB3 412.51 412.51 412.51 399.63
CB4 377.55 377.55 377.55 377.55
CB5 408.05 408.05 408.05 353.84
CD1 370.84 370.84 370.84 359.50
CD2 348.82 348.82 348.82 348.82
CD3 382.10 382.10 382.10 382.10
CD4 381.56 381.56 381.56 381.56
CD5 368.87 368.87 368.87 352.81
Aver 382.52 382.52 382.52 375.27

In experiments with simple instances, we found that increasing the van speed from
15km /h to 25km /h has little effect on reducing the secondary objective function. How-
ever, increasing the robot speed helps reduce average costs. For example, increasing
robot speed from 5km/h to 10km/h reduces the secondary objective value from 382.52
to 375.27. We assumed that the bottleneck of the 2E-VRRP delivery system may be
caused by the speed of the robot.

Hence, we implemented an in-depth experimental analysis on the speed of robot.
We conducted the hybrid metaheuristic to test all instances with 15 and 30 customers.
The van/robot speed combination (25km/h,5km/h) was chosen as the control group.
We fixed the speed of the van and let the speed of the robots be 6.25km /h, 7.5km /h,...,
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10km /h, as the experimental groups. There are 120 instances, and every instance is run
10 times with Iter3=50 for each type of van/robot speed combination.

For the primary objective, the best results in the experimental group are all equal
to the control group results in all the experiments. This comes from two factors: First,
the number of vans used depends on a variety of constraints, not only the speed of the
vehicles but also on vehicle capacity constraints, maximum travel time constraints, and
so on. As long as one type of constraint is limiting, the number of vans used cannot be
reduced. Second, in our instances, the value of the primary objective is usually 1,2 or
3. The need to cause changes in vehicle numbers often requires a significant change in
conditions.

Table 3.13 shows the sensitivity analysis on the secondary objective. Row 1 repre-
sents the different combinations of van/robot speed. Row 2 and row 3 are the average
best results for the 15 customers and 30 customers instances, in which the control group
result (baseline) is the average best secondary objective value and the quality of the ex-
perimental group solution is reported as an average percentage gap from the baseline.

Table 3.13 shows that as robot speed grows, the quality of solutions for the sec-
ondary objective value increases. However, the total improvement is limited. Increas-
ing the speed of the robot from 5km/h to 10km/h reduces the cost by less than 0.6% of
the cost for our 15 customers and 30 customers instances. We suspect that the improve-
ment of the objective value is affected by many factors (constraints). Simply improving
the speed of robot can improve the solution, but improvements remains limited. Also,
the objective functions where no term is related to travel times on edges or the number
of robots used, therefore, increasing the speed of robots can only make the time window
constraints easier to be satisfied and has marginal effect on the objective values.

We therefore recommend to keep robot speeds rather low because of increased
safety and a more convenient environment for pedestrians in practical implementa-

tions.

TABLE 3.13: Sensitivity analysis on speed with the hybrid metaheuristic

baseline(25km /h,5km/h) (25km/h,6.25km/h) (25km/h,7.5km/h) (25km/h,8.75km/h) (25km/h,10km/h)
15 cust best cost 380.13 -0.23% -0.34% -0.50% -0.58%
30 cust best cost 648.20 -0.21% -0.42% -0.50% -0.50%

3.5 Conclusions

This chapter provides an efficient transportation delivery model for the logistics dis-
tribution of autonomous robots in the city. We investigate an innovative two-echelon
urban delivery problem using autonomous robots that contains the time window con-

straint, capacity constraint and maximum travel time constraint. The van carries the
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robots on the 1st-level route and drops off and picks up them in the rendezvous nodes,
while the robot handles customer service on the 2nd-level route. In addition, our model
allows each van carries multiple robots, and each robot can visit multiple customers
during a trip. This innovation distribution model can eliminate a lot of real estates and
manpower compared to the traditional two-echelon delivery model. Which provides a
new choice for logistics enterprises.

We first define this problem and present its mixed linear integer programming for-
mulation, and present a column generation procedure to try to get a better lower bound.
Since CPLEX cannot solve medium-sized and large-scale problems, we introduce con-
struction heuristics that can provide a nice upper bound for the CPLEX solver and
quickly generate the feasible initial solutions. The construction heuristic first uses a
modified nearest neighbor approach to construct multiple robot routes (I1st-level route),
then adopts a simple connection heuristic to construct multiple van routes (Ist-level
route) to get the final solution. In addition, a hybrid metaheuristic that involves multi-
start, destroy, repair, iterative local search, and backtracking is presented to quickly
solve the medium-sized and large-scale problems that CPLEX cannot address. And
a performance evaluation of the different algorithmic components for hybrid meta-
heuristic are implemented. Besides, we used the CPLEX upper bound and enhanced
lower bound to assess the hybrid metaheuristic for the small-sized problem. Assess-
ment results show that our hybrid metaheuristic is competitive. Furthermore, we have
provided a benchmark solution for the problem along with a sensitivity analysis for
the van/robot speed combinations. In general, increasing the speed of the robot rather
than the speed of van can reduce the objective function value in real-word applications.
However, simply improving the speed of the robot leads to only limited reduction in
cost. We therefore recommend to keep robot speeds rather low because of a more pedes-

trian friendly environment in practical implementations.
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Chapter 4

Electric van-based robot deliveries with

en-route charging

Abstract

We present a two-echelon electric van-based robot delivery system with en-route
charging for last-mile delivery in logistics operations. Robots can visit areas with van
access restrictions, such as pedestrianized areas or university campuses. The time
during which electric vans are carrying robots can be used effectively to recharge the
robots, thereby increasing the efficiency of distribution systems.

To model the proposed system, we present a mixed-integer program. We note that
the energy transfer from a van to its robot needs time and will cause the available travel
distance of a van to decrease and that of a robot to increase. Focusing on the new time-
distance-energy trade-off problem, which increases the difficulty checking the feasibil-
ity of any given route, we further propose a greedy route evaluation approach and a
linear programming-based route evaluation method. An adaptive large neighborhood
search algorithm is presented for solving larger instances. A sensitivity analysis for ve-
hicle charging modes, battery capacities, and charging rate shows that using en-route
charging, while appropriately increasing battery capacity and charging rate can have

useful effects on cost.

4.1 Background

Current research tends to use traditional vehicles with robots (mothership concept) for
collaborative distribution. Chapter 3 presented a two-echelon vehicle routing problem
with robots for 2nd-level route delivery, the van carrying the robot along a 1st-level route
for dropping off and picking up at parking nodes. We note that the robot still needs to
be recharged and replenished if it is to be used multiple times.

To take van-based robot delivery research further, we present electric van-based
robot deliveries as prototypical problems, where vans and robots are all-electric vehi-

cles. In addition, the time during which the vans are carrying the robots can be used
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effectively to recharge the robots, thereby increasing the efficiency of the distribution
system.

Current technological and research developments can also support our concept: (i)
Automotive companies have begun to study mobile charging vans. For example, NIO,
an electric car company in China, is courting Tesla owners with mobile charging sta-
tions inside electric vans (Fred, 2018). (ii) Mobile charging platforms have also been
studied in robot research. For example, Mathew et al., 2015 and Yu et al., 2019 con-
sidered and tested joint planning of mobile recharging platforms and drone routes to
enable the drone to successfully visit specified nodes. This prior work suggests that
a van, stationary or moving, can act as a mobile charging station to charge its robots
en-route.

Given that the battery accounts for about 40% of the price of electric vehicles, we fo-
cus here on fast-charging rather than battery swapping, since fast-charging technology
can reduce a company’s fixed costs. In addition, we use partial recharging (Keskin and
Catay, 2016) to improve distribution efficiency.

We describe here a two-echelon electric van-based robot delivery system with en-
route charging (2E-VREC). Larger electric vans carry small electric robots along the
Ist-level route. The robots travel along the 2nd-level open route. The van and robot can
both serve customers directly, but some constrained customers can be visited only by
the delivery robots. The van stops at parking nodes for dropping off and/or picking
up its robot, and to recharge and replenish its robot if needed. The van can charge its
onboard robot on the move or at nodes, and the van can be recharged at the parking
nodes.

Our 2E-VREC model offers the following advantages over the vehicle routing prob-
lem with drones (VRPD) model (Otto et al., 2018): (i) in our 2E-VREC model, we extend
the VRPD model to cover electric vehicle aspects (E-VRPD), (ii) the 2E-VREC model
brings two new technologies (en-route charging and reverse charging) into the E-VRPD
model, (iii) the 2E-VREC model makes full use of the time during which vans are car-
rying robots on the road to charge them, shortening the extra waiting time spent by
robots at parking stations for recharging, and thereby improving the effectiveness of the
distribution system (in other words, transmission of electric power between vehicles is
carried out in the 2E-VREC model, and efficiency improved), and (iv) autonomous elec-
tric vehicles are generally safer than other VRPD delivery models in cities; for example,
when a fast-flying drone stalls, it can cause serious accidents in a city, whereas for a
slowly moving robot, accident risks from stalled vehicles are controllable (Yu et al.,
2020).

In theoretical terms, the new model adds a new time-distance-energy trade-off to

electric vehicle routing. In the classical electric vehicle routing problem (EVRP), the
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decrease in a vehicle’s energy is caused only by the increase in the distance the vehicle
travels, and these two variables are usually negatively correlated. By contrast, in the
2E-VREC model, the decrease in the energy of a van can be caused by the increase in
the distance the van has traveled, but also by the amount of energy it transfers to its
robot. The energy transfer is negatively correlated with the available travel distance of
a van, but positively correlated with the available travel distance of its robot (i.e. the
energy transfer will cause the available travel distance of a van to decrease and that of
a robot to increase).

In addition, energy transfer needs time. Generally speaking, charging a robot en-
route can reduce extra waiting time for charging, but it reduces the available travel
distance of the van. Whether to charge the robot en-route and how much energy to
transfer is therefore a difficult choice. To the best of our knowledge, these characteristics
have not been considered, modeled, and solved in research to date. The work reported
here makes the following contributions:

(1) We describe a new two-echelon van-based robot routing problem with en-route
charging, which has the potential to improve the efficiency of the distribution system.
(2) We introduce the 2E-VREC model and propose a mathematical formulation.

(3) We provide a high-accuracy heuristic for single route feasibility checking of the
2E-VREC problem with time-distance-energy trade-off.

(4) We propose an ALNS algorithm for the newly presented problem.

(5) We conduct a sensitivity analysis for vehicle charging modes, battery capacities,
and charging rate.

In what follows, Section 4.2 describes the problem and model, Sections 4.3 and 4.4
deal with the route evaluation and meta-heuristic approaches, respectively, a computa-

tional study is presented in Section 4.5, and Section 4.6 concludes.

4.2 Problem description and formulation

4.2.1 Problem statement

In the real world, there are customers located in narrow streets, on campuses, or in
other communities where the entry of vans is restricted. We therefore distinguish two
kinds of customers. One kind can be visited by either the van or the robot: we call these
customers van customers. The other kind can only be visited by the robot: we call these
robot customers. This implies that the robot can serve all the customers, but the van can
only serve some of the customers.

We consider a two-echelon routing problem with van/robot delivery. Vans or vans

carrying robots move along a 1st-level route, serve van customers, or drop off/pick up,
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and replenish their robots at parking nodes. Robots handle customer services along
2nd-level open routes: in other words, the robots need not return to the parking node
from where they set out.

We assume there are specific parking nodes for the vehicles, used for the van to
rendezvous, replenish and recharge its robot, rather than performing these operations
at customer nodes. This setting is reasonable, especially for electric vehicles, since it is
often impossible for vans/robots to be recharged at customer nodes, and parking nodes
can be visited multiple times by the vans/robots.

For replenishing, the freight carried by the robot can be loaded by the van at parking
nodes, while the freight carried by the van must be loaded at the beginning of the tours
at the depot. There are capacities for both the van and the robot. We also allow a robot
to visit multiple customers during a dispatch instead of only one customer, since the
capacity for a robot is usually greater than that of a drone.

For recharging, we consider partial and en-route charging. Recharging takes time
for both the van and the robot, depending on the recharging rate and level. The van can
be recharged at parking nodes. The robot can be recharged by the van while moving
or at parking nodes and at customer nodes if it is on board the van. In addition, there
are battery capacities for both the van and the robot. We note that the battery capacity
of the robot corresponds to its maximum individual travel distance. The van’s battery
not only provides its own power, but is also needed to recharge the robots. When the
van charges the robot, the power of the van decreases, while the power of the robot
increases.

We do not consider the case where the robot charges the van, nor the case where
the robot replenishes the van. Nor do we consider the case where the van replenishes
other vans. Here we assume that each customer node must be visited by exactly one
van/robot once. Customer nodes and the depot have time windows. Our model allows
costless waiting at all locations.

We make the following assumptions: (i) each van can only carry one robot, (ii) the
robot cannot leave the depot to serve customers directly, (iii) a robot dropped off by a
van must be picked up by the same van, and (iv) the operating time spent dropping off,
picking up, replenishing and preparing for recharging is ignored.

An example illustrating the problem is presented in Figure 4.1. Triangles represent
parking nodes, the square represents the depot, and circles correspond to robot cus-
tomer nodes/van customer nodes. Solid lines correspond to Ist-level routes and dotted
lines to 2nd-level routes.

In addition, we define five types of route in the 2E-VREC model for the sake of illus-
tration. The van route is the 1st-level-route. The robot route is the 2nd-level-route. In other

words, the robot route is the route where a robot moves under its own power. The route
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along which the van carries its robot is termed the van-robot route, the route where the
van moves independently is termed the independent-van route, and the route traveled
by the robot is called the whole-robot route.

N
\
. Depot node U Customers that can only be served by robots

-
A Parking nodes Q Customers that can be served by vans or robots

<@— vanroutes -~ — — Robot routes

FIGURE 4.1: 2E-VREC model

4.2.2 Variable and Parameter Definitions

The problem is defined on a directed graph G = (V, A), where the depot V} is repre-
sented by two nodes 0 and 0'. Every van route starts at 0 and ends at 0'. Let V; be the set
of parking nodes where vans can drop off, pick up, replenish and recharge their robots;
the van can also be recharged at parking nodes. We note that a parking node may be
visited more than once, we use dummy nodes in the model. V; denotes the van cus-
tomer nodes set and V. the customer nodes set. We have V1 € V,and V, = V. \ V4 is
the robot customer nodes set. The set V‘,?, Vt;, V,,/é/ is the nodes set V,; union the depot 0,
0, 0U0 respectively, and a can be expressed in a variety of different combinations of
customer nodes and parking nodes sets. Let A; = {(i,j) | i € {0};] € Vi } U{(4,]) |
i,j € Vier,i # jYU{(i,j) | i € Vye1;j € {0'}} be the Ist-level route (van routes) and let
Ay = {(i)) [ 1€ Vij e ViUL(i)) [ i € Vei # jRU{(i)) | i € Vej € Vi) be
the 2nd-level route (robot routes). We also let A3 = A; U Aj be the complete possible
robot routes and Ay = A3 \ A; be the routes that the van cannot reach. For each edge,
d; j is the associated travel distance, while 11y * d; ; (h2 * d; ;) is the associated travel cost
and d; ; /vy (d;j/v7) is the associated travel time for the van (robot). The freight must be
delivered from the depot {0} to customer nodes i, with the demand d; and serving time

s;. The time window of the customer nodes i € V, is [a;, b;], is the time interval that the
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service at node i is permitted to start. Let [ag, bo] = [ay,by], where ag/ay represents
the earliest possible departure time from the depot 0/0’ and by/byy is the latest possi-
ble arrival time at the depot 0/ 0’. These time windows are hard. Fr = {1,2, ..k, .., K}
presents the set of vans, where K is the number of vans. k € Fr represents the robot
belonging to the kth van. Let M be an arbitrary large constant number. Let C; be the
capacity for the van and robot and C, the capacity for the robot. Let G; and G; be the
battery capacity for the van and robot respectively. Let g1 and g» be the recharging rates
of the van and the robot, and let /1; and h; be the charge consumption rate of the van
and the robot. In addition, we introduce the following decision variables.

Let x; j; be equal to 1 if arc (7,j) in Aj is traveled by the kth — van, 0 otherwise.

Let y; ;x be equal to 1 if arc (i, j) in Aj3 is traveled by the kth — robot, 0 otherwise.

Let Q; ;x be equal to 1 if arc (i, ]) in A is traveled by the kth — van with its robot on
board, 0 otherwise.

Let z¥ represent the recharging amount of the robot at the parking node i, i € V.

Let Z¥ represent the recharging amount of of the van at the parking node i, i € V;.

Let zi." j Tepresent the recharging amount of the robot by the van during arc (i, j),
(i,j) € A1.

Let EF and ef’l be the remaining battery level of the van and the robot at node i on
arrival.

Let Wik and wi‘ be the arrival time for the van and robot at node i.

Let p; ; x be the freight flow of the robot in arc (i, j) in A».

Let uf be the dummy variable for node V.

To illustrate which route type is allowed and which is not allowed, we show the
2E-VREC route cases in Figure 4.2. For the customer nodes, cases (1)-(3) show that
customers can only be reached and then left by van, robot, or van carrying robot, re-
spectively. Cases (4)-(6) forbid customers being reached by both van and robot inde-
pendently or left by both van and robot independently. For the parking nodes, case (7)
allows a van to arrive and depart from a parking node. Case (8) forbids a robot from
accessing the parking node independently unless there is a van also accessing this node
— cases (9)—(12). For the depot, only the van carrying the robot can arrive and leave the
depot — case (15) and case (19), while cases (13), (14), (16), (17), (18), (20) are forbidden.

4.2.3 Mixed Integer Programming Model

Electric van-based robot delivery with en-route charging problem can be modeled as
follows.
Objective

min( Y. Y hixdipjrxie+ Y, Y, haxdijryige— Y, Y, haxdiixQijx) (4.1)

keFr (i) €Ay keFr (ij)€As kEFr (i) €Ay
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Van Robot Van Robot Van Robot

) —PC}—P \/ X M > J X a3) ._> X X
@ ~——>(:}———> X \/ ®) >A> X X 11 .> X X

@) =t J ) s J (15) — J
o v = 4 i
@) — T X (10— \/ 16) . v X
© P — X D Gl J an >} X X
©® y@ s X 12 T J as) ,. X X
N (19) _.. \/
A Parking node O\' Van/Robot Customer . Depot node -
—» vanroutes 1 P> Robot routes mmmmm)  \/an-Robot routes e - m x
FIGURE 4.2: 2E-VREC route cases of permission and prohibition
Subject to
Arc constraints
Y, xjx<LVj€ Vi keFr (4.2)
(i,f)eA;
Yo Xijk— Y, Xik=0Vj€ Vi, keFr (4.3)
(ij)€A (ji)€A;
Y, vijx <LVj€ Vi keFr (4.4)
(ij)eAs
Yo vijk— Y Yik=0Yj€ Vi ke Fr (4.5)
(ij)€As (ji)€As
Y Yok~ Y Yo = ) Yiox = Y. Yojx < LVke€Fr (4.6)
iEVrC] jeVrc] iEVrC1 jeVm
YO Y vijet+ Y xgp— Y, Qip=LVjieV (47)
keFr (ij)eAs (ij)€As (ij)€As
Yo Vgt Y xg— ), Qi< LVieVikeFr (4.8)
(i,j)eAs (i,j)eA (i,j)eA;
Yo vkt Y xwige— Y, Qix<LVji€VykeFr (4.9)
(ij)eAs (i,j)eA; (i,j)eA
Y vijx< Y xjeVieVikeFr (4.10)
(ij)eAs (ij)eA
2% Qiik < Xijx+Vijk <2%Qiix+1,V(i,j) € A,k € Fr (4.11)
Xi ik Yijke Qi € {0,1},V(i,j) € A3, k € Fr (4.12)
Qi,j,k = O,V(l,]) € Ay, k€ Fr (4.13)

Xije = 0,Y(i,j) € Ay, k € Fr (4.14)
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Time and energy constraints

max(WE + 7K/ g1, WK+ 25/ g0, wk 425/ g0) + dij/v1— W}‘ <M1 —x4), V{i € VO|(i,j) € Ay} k € Fr
(4.15)

max(WF, wf) + 2/ g2+ dij/ vy — wf < M(1 =y, jx + xix),V{i € V;|(i, ) € Az}, k € Fr (4.16)

WS + max(s;, 2 /82) +dj/v1 — W < M(1 —x;),V{i € Va|(i, j) € A1}, k € Fr (4.17)
wf + s +dij /oy — W < M(1—yi ik + xix), Vi € Ve|(i, j) € A}k € Fr (4.18)
wf —wh < M(1—yi;), Vi € V2|(i,j) € As} k€ Fr (4.19)
WE—wk| <M1 - Y Qi) V€ Viab k€ Fr (4.20)

(ij)eAr
a; < WK wk <b,VieV, keFr (4.21)
Ef +hysedij— ZF +2f + 2, — EF < M(1— x;5),%{(i,j) € Asli € VP }, k € Fr (4.22)
ES+hysdyj+ 28 + 25 — Ef < M(1—x;4), V{(i,]) € Asi € Va}, k € Fr (4.23)
of —zf —zf;—ef <M(1—Qyjp),Y{(ij) € Asli € Vi 1,k € Fr (4.24)
o + Iy dij—zf —ef < M(1—yi i+ xix), V{(i, ) € Agli € V;}, k € Fr (4.25)
e}f thyxd;;j—ef < M(1—y;jc+ %), V{(i,j) € Asli € V},k € Fr (4.26)
0<zf <Gy Y, wijuVie Vi, keFr (4.27)

(i)
0<zf <Gy Y, Qi VieVykeFr (4.28)

(i)€As
0<ZE<(Gi+Go)* Y, xpVie VP keFr (4.29)

(ij)eAr
0 < zf; < Gy * Qijk V(i j) € Ak € Fr (4.30)
0<EF+zF—ZF<G,VieV)keFr (4.31)
0<ek4+25<GyvieV)keFr (4.32)
0<Ef<G,VieV,,keFr (4.33)
0< e <GyVieV,keFr (4.34)
Freight constraints
Yo pijk— Y, Pik=dix Y, Wijk— Qijk) Vi€ Ve ke Fr (4.35)
(i)€A2 ()€ A2 (i)€A2

Yodi Y (ijk—Qije)+ Y di Y xjx<Cy,VkeFr (4.36)

€Ve  jeVy|(ij)eA, €V jev,|(ij)eA
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0 < pijk < Cox (Yijr— Qijk) V(i j) € Ay, k € Fr (4.37)

Extra subtour elimination constraints
uf —uf + 1< Mx (1—x;54),Vi € Vi, j € Vy, (i,]) € Ak € Fr (4.38)
0<ufk<M,VieV,keFr (4.39)

The objective function (4.1) minimizes the total travel cost. It corresponds to the van
routes cost plus the whole-robot routes cost, minus the van-robot routes cost.
Constraints (4.2)-(4.14) are pure van/robot arc constraints. Constraints (4.2)-(4.6)
ensure every node is visited by a van/robot at most once, and the times of departures
are equal to the times of arrivals. Constraints (4.6) force the number of a van leaving
the depot to be equal to that of its robot leaving the depot, and equal to the number of
van/robot coming back to the depot. Constraints (4.7) ensure that every customer node
is visited by vans or robots exactly once. Constraints (4.8)-(4.9) enforce for customer
nodes and depot, that a van and its robot cannot visit the same node unless the robot is
on board the van. Constraints (4.10) ensure a robot cannot visit a parking node unless
its van visited this node. Constraints (4.11) let Q; ;x be equal to 1 only if x; ;x and y; ;
are all equal to 1. Constraints (4.12) are the binary variable constraints. Constraints
(4.13)-(4.14) force the arc variable to be equal to 0 where they are not allowed to visit.
Constraints (4.15)-(4.32) are the time and energy constraints. Constraints (4.15)-
(4.16) are time flow constraints describing vehicle departure from the parking node
or depot. Constraints (4.15) are the time flow of the van routes, and constraints (4.16)
are the time flow of robot routes. Constraints (4.17)-(4.18) are time flow constraints, en-
suring that the van and robot depart from the customer node. Constraints (4.17) are the
time flow of the van routes, and constraints (4.18) are the time flow of the robot routes.
Constraints (4.19) are the subtour elimination constraints on the whole-robot routes.
Constraints (4.20) force the arrival time of the van at a node to be equal to that of the
robot if its van is carrying the robot. Constraints (4.21) are time window constraints.
Constraints (4.22)-(4.23) define the battery level of van route in A;. Constraints
(4.22) consider that a van departs from a parking node or depot, while constraints (4.23)
consider that a van departs from a van customer node. Constraints (4.24)-(4.26) define
the energy flow of the robot. Constraints (4.24) ensure the robot energy flow when it
is carried. Constraints (4.25)-(4.26) ensure the energy flow when the robot moves on
its own. Constraints (4.27)-(4.34) represent the variable constraints. Constraints (4.27)-
(4.28) define that only when both the van and the robot reach the same node, can the
charging amount of robot be greater than 0. Constraints (4.27) represent the case where
the van and robot rendezvous at the parking node while constraints (4.28) are the case
where the van carries the robot to the parking node. Constraints (4.29) ensure that
only when a van reaches a parking node/depot can the charging amount of the van be
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greater than 0. Constraints (4.30) ensure that only when a van carries its robot can the
charging amount of the robot en-route be greater than 0. Constraints (4.31)-(4.32) ensure
that when a van or a robot leaves a parking node, the battery amount of van/robot is
below its battery capacity. Constraints (4.33)-(4.34) are variable constraints.

Constraints (4.35)-(4.37) are freight flow constraints. Constraints (4.35) are the freight
flow along 2nd-level routes (robot routes). Constraints (4.36) guarantee the total capacity
of a van and its robot. Constraints (4.37) are the variable constraints.

Constraints (4.38)-(4.39) are Miller-Tucker-Zemlin constraints to eliminate subtours
in dummy stations.

Note: Some constraints are used to allow or forbid the cases in Figure 4.2. Con-
straints (4.6) forbid cases (13), (14), (17), (18). Constraints (4.8)-(4.9) forbid cases (4), (5),
(6), (16), (20). Constraints (4.10) forbid case (8). In addition, nonlinear constraints in the
MIP model can be linearized as follows.

Constraints (4.15-4.17) can be linearized as follows:

WS+ ZF /g1 +dij/vr — WE < M(1—x;),¥{i € V?|(i,]) € Ar}, k € Fr (4.40)

WS+ 2§/ go +dij/o1 — WE < M(1—x;5),{i € V|(i,j) € A1}k € Fr (4.41)

wf + 2§/ g2 +dij/v1 — WE < M(1—x;), (i € V]| (i,j) € Ar}, k€ Fr (4.42)

WS + 2§/ g2+ dij/v2 — wf < M(1 =y, i+ x;jx),V{i € V;|(i, ) € A2}, k € Fr (4.43)

W + 25 /g2 +d;j/va — wf < M(1—yi 6+ xi5), V{i € Vi|(i,]) € A}k € Fr (4.44)

WS +s;+dij /o1 — WE < M(1—x;), Vi € Vaa|(i, j) € A1}, k € Fr (4.45)

WY+ 2§/ g2 +dij/ o1 — WE < M(1—x;5),{i € V| (i,f) € A1}, k € Fr (4.46)

Constraints (4.20) can be linearized as follows:

—M(1-— (i,j)zem Qij) < WF—wh < M(1 - (i,j)ZEAl Qijx) V{j € Vya },k € Fr (4.47)

4.3 Single Route Evaluation and Feasibility

We will propose a local search based metaheuristic for solving the problem presented.
Before developing the metaheuristic, we need to introduce methods required for eval-
uating and checking the feasibility of a given 2E-VREC route. For example, Gschwind,
2019 and Gschwind and Drexl, 2019 designed new route feasibility checking technol-
ogy for pickup and delivery problems.

Move procedures in metaheuristics for solving vehicle routing problems aim to de-

termine which node to visit in what order. However, other essential decisions need to
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be made first during move procedures. For example, we need to decide the departure
time of a vehicle from a node, and the charging time at a charging station in EVRP.

In the classical VRP problem, a strategy that lets vehicles leave nodes as early as
possible is usually adopted. This is a best choice from a feasibility point of view (Savels-
bergh and Martin, 1992). For the partial charging EVRP problem, the decision strategy
is more complicated. Hiermann et al., 2016; Hiermann et al., 2019 presented a greedy
route evaluation approach to make a charging decision, and prove that this greedy ap-
proach leads to an optimal decision.

However, research in VRP has been extended to more complex fields, including
VRPD and 2EVRP problems in recent years. Sometimes we need to consider the tem-
poral, spatial, and energy synchronization between vehicles. In our problem, vans and
robots are all-electric vehicles. The van can charge the robot when the van is carrying
its robot, even during the arc. We need to make decisions about: (i) who charges, (ii)
how much, (iii) where, and (iv) when. We also need to consider synchronization in the
mothership system, such as pickup and delivery, time windows, and other constraints.
Hence making a suitable decision involves a broad variety of constraints that are not
straightforward in the problem we are addressing.

Because of the increasing difficulty met when making complex decisions for a given
route, sometimes even checking the feasibility of a given single route is a hard, possibly
even an NP-hard problem. Ideas for solving such cases have been studied. Masson
et al.,, 2017 adopted heuristics to check the feasibility of a given route in the ALNS
since they believe there is no polynomial-time algorithm to solve the rolling containers
assignment problem (feasibility checking problem). Hunsaker and Savelsbergh, 2002
presented a linear-time complexity heuristic to check the feasibility of a given route in
a dial-a-ride problem.

In this section, we first propose a greedy route checking approach to solving our
route feasibility checking problem. We then present a linear programming (LP) check-
ing approach to accurately check the feasibility of a given single route. We also compare
the two route checking approaches in Section 4.4. Checking the freight of a given route

is straightforward, and so will not be dealt with here.

4.3.1 Greedy route checking approach

We draw on the idea of a greedy route evaluation approach (Hiermann et al., 2019)
to solve our 2E-VREC route feasibility checking problem. Here we apply a greedy
recharging policy with a simple rule, which is to give priority to charging the van bat-
tery over the robot battery: the robot needs the van to carry and charge it, so prioritizing
the van battery is reasonable.
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We define and calculate the time warp between two parking stations, to calculate
how much free time can be used for recharging at the departure station, without in-
creasing the time to reach the arrival station. The time warp can be calculated as fol-
lows. For the sequence from node i to node j, we calculate the earliest arrival time at
node j, and then the latest starting time from node i subject to the earliest arrival time
at node j not being changed. The time warp between node i and node j is equal to the
latest start time at node i minus the earliest start time at node i. The pseudocode for
calculating the time warp is given in B.1.

Based on the greedy recharging policy, we propose a four-step heuristic procedure
to charge the vehicles. A 2E-VREC route example in Figure 4.3 is used to introduce our
heuristic. In the four-step heuristic, the robot-battery may be recharged to low-level,
high-level, or max-level. Low-level charging means the robot battery is charged to the
level that makes sure the robot can independently finish its next trip, e.g. tour 4-5-4
in Figure 4.3. High-level charging means the robot battery is charged to the level that
ensures the robot can independently finish the tours before its van leaves the parking
station, e.g. tour 4-5-4 and 4-6-8 in Figure 4.3. Max-level charging means the robot
battery is charged to its maximum level. The van battery may be recharged to low-
level or max-level. Low-level charging of a van means the van battery is charged to the
level that ensures that the van can reach the next parking station. Max-level charging

of a van means the van battery is charged to its maximum level.
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FIGURE 4.3: A 2E-VREC route example

The four-step (Priority) heuristic procedure is as follows.

1. We ensure the current van battery level is enough to reach the next parking sta-

tion.

* Example We must ensure the van battery is charged enough to travel from
node 2 to node 4 in Figure 4.3, even if the charging time is longer than the

calculated time warp.
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2. We charge the current robot battery to high-level.

* Subject to Priority 1 and time warp.

* Special case 1 If the parking station where the vehicles are now is at the
node where this robot is to be dropped off, we must charge the robot battery
to low-level even if the charging time is longer than the calculated time warp.

* Special case 2 When we used the whole calculated time warp to charge the
robot, but the robot battery is still at less than its high-level, we perform en-
route charging subject to the van battery being charged enough to reach the
next parking station.

¢ Example In station node 2, we charge the robot battery so it can finish route
4-5-4 and route 4-6-8 in Figure 4.3. If we used the whole calculated time
warp to charge the robot, but the robot battery is still at less than its high-
level, we conduct en-route charging on arc 2-3-4 subject to the van battery
being charged enough to reach station 4. In station node 4, we must ensure
that the robot can finish tour 4-5-4 even if the charging time is longer than

the calculated time warp.
3. We charge the current battery of the van to its max-level
* Subject to Priority 1, 2 and time warp.
4. We charge the current battery of the robot to its max-level.

* Subject to Priority 1, 2, 3 and time warp.

After we have defined the priority charging strategy, we can further optimize the
charging by appropriately setting charging time. The target for the further optimal
charging approach is to minimize the recharging end time of vehicles. An example
of further optimizing the charging is shown in Figure 4.4. First, we charge the van
battery to its low-level in case (A). Second, we charge the robot-battery to its high-level
in case (B). We can then optimize the charging by properly setting the charging time
of the van and the robot, by bringing forward the charging time of the robot to the
starting recharging time of the van, as in case (C). We note that if the robot charging
time is longer than the charging time of the van, we charge the van battery until its
charging time reaches the robot charging time or charge the van-battery up to its max-
level. Third, we charge the van battery to its max-level in case (D), and then charge
the robot-battery to its max-level in the fourth step in case (E). We can further optimize
the charging by bringing forward the charging time of the robot to the recharging start

time of the van again, as in case (F).
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4.3.2 Linear programming model for route checking

We present an LP model for route evaluation. It is used to accurately check the feasibil-
ity of time, distance, and energy for a given single route. The input of the LP model is
a 2E-VREC route, and the output is the feasibility of the given route. The details of the

formulation and explanation of the LP model are given in B.2.

4.4 Adaptive Large Neighborhood Search

In this section, we adopt an adaptive large neighborhood search (ALNS) algorithm to
solve the 2E-VREC problem. Since our problem considers electric vehicles in a two-
echelon concept, we draw on some operations proposed in Hemmelmayr et al., 2012,
Keskin and Catay, 2016, and Sacramento et al., 2019. The specific structure of our prob-
lem lies in parking stations that have a variety of functions, unlike other similar situ-
ations that have been solved by ALNS. For example, in our problem, parking stations
can be used for dropping off and picking up robots (vehicle transshipment), and can
also be used as charging stations or stations where a van can top up its robot. The park-
ing station is an independent station and can be visited multiple times. Table 4.1 gives
the characteristics of stations in different problem types.

TABLE 4.1: Characteristics of station in different problems

charging vehicle freight multi-visit independent
transshipment transshipment station station
EVRP yes no no yes yes
2EVRP yes no yes no yes
VRPD no yes yes no no
This work yes yes yes yes yes

After the initial solution has been constructed, the proposed ALNS algorithm seeks
to improve it iteratively until a stopping condition is satisfied. We adopt a maximum
iteration number (MaxIteNum) limit to terminate the algorithm. At each iteration,
the existing feasible solution is destroyed by removing some nodes or routes by a de-
stroy algorithm. The resulting partial solution is then repaired using a repair algorithm
which heuristically repairs the existing route or constructs a new route if needed, for
the purpose of obtaining a better solution than the previous one. We also set a number
of non-improving iterations (MaxNonImp) before restarting the ALNS algorithm from
a new initial solution as in Breunig et al., 2019.

During repair operations, the route evaluation method is used to check the feasi-
bility of the routes. We adopt simulated annealing as acceptance criterion, which al-
lows the algorithm to accept poor solutions during iterations. In addition, each of our
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destroy-and-repair operations is assigned a weight that controls how often the opera-
tion is selected. The weights are adjusted dynamically as the search progresses by a
weight-adjusting method. The algorithm thus adapts to the instance at hand and to the
state of the search. We draw on simulated annealing and weight-adjusting proposed
by Pisinger and Ropke, 2019. The details of simulated annealing and weight-adjusting
used here can be found in B.3.

Our proposed ALNS algorithm is described in Algorithm 5. The best solution is
recorded in recordset (Line 1). The algorithm starts with an initial solution x and it is
also the current best solution x? (Line 2). The value of NumNunI mp is then initialized
to 0 (Line 3), where NumNunImp records the number of iterations until NumNunImp
becomes larger than MaxNunImp. Next, a destroy-and-repair operation is performed
until the stopping criterion (MaxIteNum) is met (Line 4-19). The restart() function is
used to restart the ALNS from Line 2 but keeps the iteration number unchanged.

Algorithm 5 Adapt_Large_Neighborhood_Search()

1: recordset = {}

2: Initialization: use RR move to get an initial solution x, let x* = x.
3: NumNunlmp = 0

4: while stopping criterion is not met do

5:  select destroy and repair methods from set.
6: xf=r(d(x))
7. if simulated annealing criterion accepts the solution then
8: x = x!
9: end if
10:  if c(x) < c(x?) then
11: x? = x, NumNunImp = 0
12:  else
13: NumNunImp+ =1
14: if restart conditions is met then
15: recordset.append(x”) and then restart()
16: end if
17:  end if

18:  update weights and selection parameters
19: end while
20: return: output best x? from recordset

4.4.1 Initial solution

At the beginning of the algorithm, all customers are inserted into an un-assigned cus-
tomer list in random order. We then repeat the following two steps until all the cus-
tomer nodes are assigned. In the first step, we randomly choose a customer node in

the un-assigned customer list. If the chosen node is a robot customer node, then we
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construct a 2E-VREC route with van routes and robot routes. Otherwise, we decide
whether to construct a 2E-VREC route with van routes and robot routes or to construct
a 2E-VREC route only including van routes, according to roulette-wheel selection. The
second step randomly sorts the order of the un-assigned customer list, and then chooses
a customer to insert into the random-feasible position of the constructed route, until no

customer node can be inserted.

4.4.2 Destroy moves and operations

A destroy operation destroys a chosen 2E-VREC route by removing nodes or routes.
We define four destroy operations: customer removal, station removal, route closure,
and route destruction. The ALNS algorithm destroys a part of the current solution in
each iteration. We mainly adopt a random and a greedy destroy strategy.

In our problem setting, we denote a parking station used for charging only a charg-
ing station. Otherwise, it is denoted a connection station. We distinguish between
removing two kinds of stations in station removal operations, since removing a con-
nection station dramatically changes the solution, while removing a charging station
does not.

The four destroy operations and the moves used are as follows:

1. Customer removal operation: The customer removal operation removes cus-
tomers from a 2E-VREC route with a probability 8 € [0,1]. We adopt random

customer removal and greedy customer removal moves.

* Random customer removal randomly removes a customer node.

o Greedy customer removal removes the customer that can yield the largest cost

reduction for a given route.

2. Station removal operation: The station removal operation removes a parking sta-
tion from a 2E-VREC route. Here we adopt station-route removal, charging station
removal and redundant charging station removal moves. After we remove a station,
the route may become battery-unfeasible. We remove a customer before or after
the removed station in the van route, or we insert a station different from the re-
moved station in the van route to make the route feasible if needed, since visiting
fewer customers or visiting more stations could make a battery-unfeasible route

feasible.

e Station-route removal randomly removes a connection station and the robot

routes depart from and arrive at this station.

* Charging station removal randomly removes a charging station.
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* Redundant charging station removal removes a redundant charging station if

one exists.

3. Route closure operation: The route closure operation closes a van or robot route
in a 2E-VREC route. We use van/robot route closure moves, and we adopt ran-

dom/qreedy strategies.

* Random van/robot route closure removes all customers from a randomly chosen

van/robot route.

* Greedy van/robot route closure removes the route that can yield the largest cost

reduction.

4. Route destruction operation: The route destruction operation chooses a 2E-VREC
route and then destroys it. All customer nodes in this 2E-VREC route are put in
the un-assigned customer list. We adopt random/qreedy route destruction moves.

* Random route destruction randomly chooses a 2E-VREC route in the solution
to destroy.

* Greedy route destruction chooses a 2E-VREC route, with a minimum number

of customer nodes to destroy.

4.4.3 Repair moves and operations

Route repair operations repair the existing routes or construct a new route if needed, us-
ing three kinds of repair operations: route reconstruction, customer insertion, and route
structure change first / customer insert second. The repair operations do not allow un-
feasible solutions but allow worse solutions through simulated annealing evaluation
and calibration. Note that in the repair process, we consider opening a new van/robot
route from a connection station, or changing the role of charging stations to connection
stations and then opening a robot route to considerably change the solution.
The three kinds of repair operation are as follows.

1. Route reconstruction operation: The route reconstruction operation ensures that
we always obtain a viable solution. We adopt the same method as we used to
obtain the initial solution in Section 4.4.1.

2. Customer insertion operation: The customer insertion operation is used to in-
sert customers in a 2E-VREC route. First, we use random/greedy customer inser-
tion moves to insert customer nodes. If a customer cannot be inserted because

of battery outage, we try to use nearest station insertion moves to make the route
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feasible. If all the possible positions have been tried and the customer still can-
not be inserted, we try to open a new robot route, where the start node and end
node of the route are the same, and then insert the customer node. Finally, if there
still are unassigned customer nodes, we use route reconstruction-based repair to

reconstruct a new 2E-VREC route.

e Random customer insertion sorts the order of the un-served customers list ran-
domly and chooses a customer to insert into the random-feasible position of

the 2E-VREC route until all customers have been tried.

* Greedy customer insertion sorts the order of un-served customers list randomly,
and then chooses a customer to insert into the 2E-VREC route with the least

cost increases.

* Nearest station insertion is used after we have inserted a customer node and
found the route is unfeasible: we try to insert a station before or after the

inserted customer position.

3. Route structure change first / customer insert second operation: We present two
kinds of route structure change approach: (i) we use van/robot route open moves
to begin a new van/robot route from a station; the van/robot route includes one
customer node, and the ending station can be the same one or a different one;
we then perform a customer insertion operation, (ii) we first use random/greedy
station insertion moves to insert a station into a 2E-VREC route and then follow
route open moves at this station if the station is not inserted in an independent

van route; next, we conduct customer insertion- based repair moves.

* Van route open to begin a new van route from a connection station.

* Robot route open to begin a new robot route from a station; robot route open
can convert a charging station into a connection station or increase the robot
route from a connection station. The ending station can be the same as or

different from the starting station.

* Random station insertion randomly chooses a position in the 2E-VREC route

to insert a station.

* Greedy station insertion chooses the best insertion position with feasible and

least total travel cost increases to insert a station.

4.5 Computational study

We performed four types of computational experiment. First, we used the parameter

tuning approach to determine the parameters. Second, we evaluated the performance
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of two proposed route evaluation approaches. Third, we conducted the ALNS exper-
iment to see the overall performance of the proposed ALNS algorithm. Fourth, we
performed a sensitivity analysis to determine the impact of related charging modes,
battery capacities, and charging rate. In the four types of computational experiment,
we ran our algorithms 10 times for every instance.

The mathematical programming model was coded in OPL. CPLEX 12.8 was used
to solve the model. The ALNS was coded in python version 3.6.8. Both CPLEX and
python were executed on an Intel(R) Core(TM) 3.2GHz processor with 8 GB memory
running under Windows 10. Python was run with single-threading.

4.5.1 Instance generation

We used the instances of Dellaert et al., 2018 and Yu et al., 2020 as a basis. The specific
instance generation approach is described in those two articles. We chose eight types
of instances with 3/5 parking nodes and 15/30/50/100 customer nodes, respectively.
Each type includes 20 instances that could be divided into four cases according to the
different time window and demand generation methods.

We set the speed of the van at 2, and the speed of the robot at 1. The van’s energy
consumption rate was 2 units per distance, and the robot’s energy consumption rate
was 1 unit per distance. The recharging rate was 10 units per time for a van and 4 units
per time for a robot. The capacity of a robot was 50, and the capacity of a van was
200. The battery capacity of a robot was 120, and the battery capacity of a van was 400.
The depot time window was [0,500]. Vans could access two-thirds of the total customer
nodes in each instance. If the calculated number of van customer nodes was fractional,

we rounded up. The first two-thirds of customers in the instance are the van customers.

4.5.2 Parameter tuning

We drew on the parameter tuning concept (Jie et al., 2019) to determine the parameters.
The parameter tuning approach started with a set of initial parameter values. Param-
eter tuning conducted the ALNS algorithm with the parameter values in the search
interval. The parameter value that had the best solution was chosen to perform the fol-
lowing calculation. The process was repeated until all the parameters in the parameter
set had been tuned. We chose eight instances with 3-15 satellite-customers to conduct
the parameter tuning procedure: CA1-3-15, CA2-3-15, CB1-3-15, CB2-3-15, CC1-3-15,
CC2-3-15, CD1-3-15, and CD2-3-15. The parameter notations, descriptions, and values
used here can be found in B.4.
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4.5.3 Comparison of greedy route evaluation and LP-based evalua-
tion

Since the greedy route evaluation (GE) approach presented is an approximate method,
we compared it with the LP-based evaluation approach to assess its accuracy and
speed. We also conducted additional experiments to evaluate an approach combin-
ing the GE-based and LP-based evaluation (GE-LP-based evaluation) to exactly check
the feasibility of a given route. The GE-LP-based evaluation first uses a GE-based eval-
uation to test the feasibility of the route. If the GE-based evaluation finds the route
teasible, it is deemed feasible, and the evaluation procedure ends. Otherwise, the eval-
uation procedure takes the LP-based evaluation approach to finally check the feasibility
of the route.

The instances used in this experiment were the same as those in the turning param-
eter section. Table 4.2 gives the results for the comparison of GE-based, LP-based, and
GE-LP-based evaluations. Column 1 indicates the instances tested. Our num1 is the
average number of times the output of the GE-based route evaluation differs from the
output of the LP-based route evaluation approach. Our num?2 is the average total num-
ber of times that the route evaluation procedure is performed. The LP time, GE time,
and GE-LP time are the average evaluation times of LP-based, GE-based, and GE-LP-
based evaluation approaches in 10 experiments, respectively. The runtime (LP time,
GE time, GE-LP time) was the time for the ALNS to solve the instance using different
evaluation approaches.

TABLE 4.2: Comparison of greedy route evaluation and linear program-
ming based evaluation

3-15 numl/num2 LP time(s) GE time(s) GE-LP time(s)

CA1l 0/284603 2953.2 44.0 2895.1
CA2 11/317831 3146.9 61.9 3070.2
CB1 6/259734 2955.8 48.6 2535.5
CB2 3/353319 3422.8 59.6 3206.3
CC1 54 /175804 1955.1 35.1 1608.4
cC2 57/183887 2167.2 40.9 1690.8
CD1 90/291439 3065.8 51.3 2604.9
CD2 8/326793 3692.7 54.0 3329.8
AVER 229/2193410 2919.9 49.4 2617.6

It is obvious from the results that the estimation error (numl1/num?2) of the GE-
based evaluation approach was around one in a thousand. The GE-based evaluation
ran 59 times faster than the LP-based evaluation method. The GE-LP-based evaluation
also ran faster than the LP-based evaluation approach. However, the runtime reduc-
tion was only about 10%. This may be because many unfeasible routes that need to be
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checked using the LP-based evaluation method were generated in the process of run-
ning the ALNS algorithm. In any case, if we need to check the feasibility of a route
exactly, the GE-LP-based evaluation approach is faster than the evaluation method us-
ing only the LP-based approach.

4.54 ALNS experiment

First, we compared the GE-based ALNS results with the GE-LP-based ALNS results to
analyze the GE-based ALNS algorithm’s performance. Second, we compared the ALNS
results with the CPLEX results in very small-scale instances. Third, we used the ALNS
algorithm to solve larger instances and see the overall performance of the proposed
ALNS algorithm.

Comparison the GE-based with GE-LP-based ALNS results

In Subsection 4.5.3, we analyzed the estimation error of the GE-based evaluation ap-
proach, which was about one in a thousand. Here we ran the GE-based ALNS algo-
rithm and the GE-LP-based ALNS algorithm on 3-15 satellite-customer instances to
see whether a one thousandth estimation error greatly changed the results.

Table 4.3 gives a comparison of the GE-based ALNS and GE-LP-based ALNS results.
AC and BC are the averages and best objective values. SDC is the standard deviation
of the objective value, and AT(s) is the average runtime of the GE-based(GE-LP-based)
ALNS algorithm.

Table 4.3 shows that the average performance difference between the two algo-
rithms was not significant, and the average solving time of the GE-based ALNS was
much shorter than that of the GE-LP-based ALNS algorithm. We therefore used the
GE-based ALNS algorithm in the subsequent ALNS computation study.

Comparison of the ALNS results with the CPLEX results

The VRPD model is hard to solve for general-purpose MIP solvers. For example, Wang
and Sheu, 2019 showed the commercial solver can only address the VRPD problem with
10 nodes (contains parking nodes and customer nodes), and even the branch and price
algorithm they provided can only solve the problem with 12 points. In our problem, we
replicated the parking nodes for multiple visiting. Dummy nodes increase the number
of nodes in the model, making the problem more difficult to solve, and reducing the
problem size we can address.

We tested 20 instances with five customer nodes and three parking nodes. Theo-

retically, each parking node can be reached up to 5+1 times. However, using too many
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TABLE 4.3: GE-based and GE-LP-based ALNS algorithm comparison

GE-based ALNS GE-LP-base ALNS

3-15 AC BC SDC AT | AC BC SDC AT

CA1 5322 5322 0.0 40.6|532.2 532.2 0.0 2546.5
CA2 6123 5983 114 52.5|615.6 5983 7.6 2938.7
CA3 586.1 574.8 9.7 45.2|583.4 574.8 7.8 3002.7
CA4 590.5 573.2 189 46.3|583.1 573.2 11.9 2789.2
CA5 584.8 5829 4.0 47.0|585.0 582.9 3.7 2557.7
CB1 570.0 5574 6.7 45.6|573.6 569.8 4.0 2653.5
CB2 607.8 588.9 17.0 51.2|596.4 568.0 20.3 3188.2
CB3 663.5 650.6 6.7 41.6|668.4 659.7 5.2 2363.7
CB4 541.4 515.7 13.1 44.4|546.4 515.7 14.4 2370.4
CB5 540.6 5372 4.4 40.4|540.0 537.2 4.0 2379.2
CC1 4459 426.2 11.4 31.0|446.7 426.2 10.5 1553.4
CC2 4604 457.6 1.0 36.1|461.1 459.5 2.0 1690.2
CC3 516.1 5134 2.6 32.0(517.3 5134 45 1576.6
CC4 481.7 4665 7.6 30.6|476.3 450.6 11.3 1577.8
CC5 3914 3914 0.0 3493914 3914 0.0 22272
CD1 526.4 520.0 6.7 455(529.4 520.0 8.7 2646.6
CD2 530.0 5169 15.8 49.7|536.6 5169 14.2 3125.7
CD3 604.6 595.2 7.1 47.8|602.6 597.5 4.8 3248.7
CD4 522.6 516.1 7.8 34.0(521.6 520.7 29 2187.0
CD5 513.8 513.8 0.0 46.3(513.8 513.8 0.0 2695.3
AVER 541.1 5314 7.6 42.1(541.0 531.1 6.9 24659

dummy parking nodes usually makes the problem difficult to solve. We therefore itera-
tively solved our model by CPLEX, gradually increasing the number of dummy nodes.
The increase in the number of dummy nodes stops when no improvement in the solu-
tion cost is found. However, if the solution is still worse than the ALNS solution, we
continue to increase the number of dummy nodes until the CPLEX solution is better
than or equal to the ALNS solution. The iterative process will also stop if the procedure
runs out of solving time or out of memory.

For each instance, CPLEX 12.8 runs with default settings until it finds an optimal
solution, exhausting the predetermined maximum computation time (7200s), or until
the program runs out of memory. The computational results for all instances are pre-
sented in Table 4.4, in which K represents the number of times a vehicle can visit a
parking node, and UB and LB are the upper and lower bounds of CPLEX solutions. E1
is the CPLEX gap between CPLEX upper bound (baseline) and CPLEX lower bound,
and TIME is the CPLEX solving time. BC and AT are the best solutions for ALNS in 10
tests and average solving time of ALNS. E2 is the gap between the ALNS best solution
and CPLEX upper bound (baseline). The symbol * means CPLEX is run out of memory.
The solution selected at the end of each instance is in bold.

Table 4.4 shows that our ALNS can always reach the best solutions in very small
instances. For case CB2, ALNS performed better than the CPLEX solver, which ran out

of memory in K = 3.
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TABLE 4.4: CPLEX and ALNS results comparison (5 customer nodes and
3 parking nodes)

K=2 K=3 K=4 K=5 ALNS
UB LB GAP1 TIME| UB LB GAP1 TIME| UB LB GAP1 TIME| UB LB GAPl TIME| BC AC SDC AT GAP2
CAT1 291.6 2915 0.0 221 286.8 2867 0.0 372.0 284.2 2841 0.0 5058.0 286.8 217.0 24.3% 7200 2842 2842 6.0 146 0.0
/

CA2 360.3 3603 0.0 182 3603 3603 0.0 2753.6 / / / 3603 3672 89 124 0.0
CA3 2752 2752 0.0 1.5 2752 2752 0.0 29.3 / / / / 2752 2752 00 170 0.0
CA4 261.2 2612 0.0 1.3 2612 2612 0.0 17.7 / / / / 261.2 2612 00 146 0.0
CA5 1922 1922 0.0 1.0 1677 167.7 0.0 44 167.7 167.7 0.0 100.7 167.7 1677 0.0 148 0.0
CB1 2887 2887 0.0 8.6 288.7 288.6 0.0 485.6 / / / / 288.7 2887 00 150 0.0
CB2 406.6 406.6 0.0 33.2 * * * * / / / / 360.3 3603 0.0 24.4 -11.4%
CB3 3205 3205 0.0 6.8 3147 3146 0.0 1185 3147 3021 0.0 72005 314.7 3147 0.0 20.0 0.0
CB4 2563 2563 0.0 1.3 2563 2563 0.0 15.6 / / / / 256.3 2563 0.0 142 0.0

CB5 190.7 190.7 0.0 0.7 170.6 170.6 0.0 45 1706 170.6 0.0 129.8
CC1 1999 1999 0.0 03 1957 195.7 0.0 14 1957 1957 0.0 23.328
CC2 2972 2972 0.0 80 2972 2972 0.0 2277 / / / /
CC3 306.0 306.0 0.0 6.6 262.6 262.6 0.0 95.6 3060 249.1 02 7200
CC4 270.6 270.6 0.0 2.8 270.6 270.6 0.0 64.4 / / /
CC5 1804 1804 0.0 2.7 1578 1578 0.0 58 157.8 157.8 0.0
CD1 2952 2952 0.0 58 2952 2952 0.0 3315 / / /
CD2 321.3 3213 0.0 24 3213 3213 0.0 1709 / / / /
0.0
/

170.6 1706 0.0 147 0.0
1957 1957 0.0 129 0.0
2974 2974 0.0 155 0.0
262.6 2626 0.0 136 0.0
270.6 270.6 0.0 144 0.0
1578 157.8 0.0 122 0.0
2952 2952 0.0 19.0 0.0
321.3 3213 0.0 192 0.0
249.1 2491 0.0 167 0.0
281.0 2810 0.0 168 0.0
1706 170.6 0.0 121 0.0

67.4

CD3 270.7 270.7 0.0 43 2491 2491 0.0 234 2491 249.1 750.1
CD4 281.0 281.0 0.0 71 2810 281.0 0.0 97.3 / /
CD5 190.7 190.7 0.0 1.0 170.6 170.6 0.0 82 170.6 170.6 0.0  160.0

N N N
N N
B N N N N
N N N N N

ALNS to solve larger instances

We used the ALNS algorithm for all the instances with 15/30/50/100 customer nodes
and 3/5 parking nodes to evaluate the performance of our ALNS algorithm.

The results of ALNS for 15, 30, 50, and 100 customers are shown in Tables 4.5-4.6.
AC and BC are the averages and best objective values. The SDC represents the standard
deviation of the objective value, and the AT(s) is the average runtime of the ALNS.

TABLE 4.5: ALNS (15 and 30 customers)

3-15 5-15 3-30 5-30

AC BC SDC AT | AC BC SDC AT | AC BC SDC AT | AC BC SDC AT
CA1 5322 5322 0.0 40.6[683.0 6724 7.3 44.7|1189.2 1159.1 21.4 134.3|1063.6 1041.7 14.7 143.0
CA2 6123 598.3 11.4 52.5|717.0 708.1 8.8 40.4|1027.4 972.1 319 138.8|1004.4 965.1 21.4 127.5
CA3 586.1 574.8 9.7 4524859 4859 0.0 41.8|1004.8 979.0 16.8 150.5|1045.6 992.5 26.7 144.2
CA4 590.5 573.2 189 46.3[490.0 4864 11.1 43.5| 826.7 802.7 16.5 128.5|1268.3 1229.3 23.8 130.9
CA5 584.8 5829 4.0 47.0[620.6 605.0 9.5 46.5| 9719 9583 9.1 132.2|1047.1 1019.4 18.2 1409
CB1 570.0 557.4 6.7 45.6(639.5 622.3 10.5 46.5|1216.2 1177.4 244 144.1|1073.0 1060.9 12.8 141.7
CB2 607.8 5889 17.0 51.2|646.9 643.7 3.4 49.1|935.8 9149 173 134.0/1017.0 1002.4 11.8 129.8
CB3 663.5 650.6 6.7 41.6(5129 5129 0.0 41.6| 973.0 948.7 20.7 133.5/1008.8 960.7 20.6 148.0
CB4 5414 515.7 13.1 44.4|523.3 522.7 13 37.4|876.0 8624 7.7 142.7]12952 12642 24.6 142.7
CB5 540.6 537.2 4.4 40.4|608.8 608.8 0.0 50.0| 961.0 940.9 14.0 193.8|1032.8 1018.5 14.4 191.9
CC1 4459 4262 11.4 31.0|474.0 463.0 12.6 43.6| 9469 919.5 19.6 126.1| 939.8 904.8 229 131.8
CC2 4604 457.6 1.0 36.1|518.2 501.6 10.7 37.2| 796.5 7714 155 98.7 | 823.0 8135 6.7 919
CC3 516.1 5134 2.6 32.0(431.6 431.2 1.1 30.5|831.8 789.7 235 1249|8785 858.1 13.7 162.4
CC4 4817 466.5 7.6 30.6|466.9 452.0 185 38.6| 7704 719.4 23.8 130.8|1000.6 9442 385 114.6
CC5 3914 3914 0.0 349|560.4 5579 5.8 40.9| 846.5 824.1 13.5 111.8| 802.1 757.4 289 1134
CD1 526.4 520.0 6.7 45.5|585.9 580.5 11.4 50.1|1137.7 1113.3 21.3 130.6|1118.3 1064.2 31.6 153.2
CD2 530.0 516.9 15.8 49.7|625.9 6183 3.0 47.6| 996.0 955.0 27.4 139.3|1017.5 973.0 24.7 137.0
CD3 604.6 5952 7.1 4784764 4752 1.6 49.8|1014.2 9824 15.6 125.3| 965.5 933.7 229 163.8
CD4 5226 516.1 7.8 34.0(529.9 5269 2.1 48.8| 8779 858.6 13.7 153.8|1123.5 1086.8 23.0 152.2
CD5 513.8 513.8 0.0 46.3[634.3 631.6 55 43.9|954.7 926.6 27.0 156.7| 965.3 9329 27.7 144.1
AVER 541.1 5314 7.6 42.1|561.6 555.3 6.2 43.6| 957.7 928.8 19.0 136.5(1024.5 991.2 21.5 140.2

The results show that the average solving time for the hardest instances with five
parking nodes and 100 customers was less than 900s. It also shows that our algorithm

has the potential to solve larger problems quickly.
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TABLE 4.6: ALNS (50 and 100 customers)

3-50 5-50 3-100 5-100

AC BC SDC AT | AC BC SDC AT | AC BC SDC AT AC BC SDC AT
CA1 17225 1674.0 31.4 284.6|1608.5 1550.5 36.7 287.5|2839.8 2748.6 44.3 1061.3|2814.0 27459 55.5 1014.1
CA2 1743.2 1684.7 34.0 309.4|1541.7 1481.2 36.1 312.2|3153.5 3103.6 41.3 1258.0|2735.0 2648.3 47.5 11524
CA3 1676.3 15979 36.7 313.5|1558.5 481.7 68.0 298.4|3225.9 3096.4 83.4 1002.0|2972.0 2865.3 74.5 1083.7
CA4 1630.7 1550.1 41.3 293.4|1493.0 1451.8 27.1 299.4|3971.1 3799.8 107.8 830.6 |3052.6 2952.7 71.8 916.2
CA5 1562.2 1468.6 45.8 370.0|1539.3 14859 37.6 376.9|2981.8 2886.4 51.2 979.4 |2861.0 2816.3 39.7 855.3
CB1 17079 1632.8 41.7 368.3(1683.5 1629.9 38.4 359.9|2635.9 2567.8 54.0 808.3 |2896.6 2780.4 69.4 808.4
CB2 1633.7 1577.7 31.0 296.2|1581.7 1539.9 31.9 331.5|2931.8 2782.7 89.4 898.8 |2869.9 2791.6 414 891.1
CB3 1738.0 1669.6 35.1 337.4|1625.7 1558.5 30.8 313.8|3196.1 3042.3 70.7 849.1 |2896.9 2757.5 97.5 822.1
CB4 16019 1544.6 32.3 323.1(1453.1 1431.6 19.9 322.3|3977.5 3756.2 97.8 848.8 [2991.9 2872.0 80.4 896.3
CB5 1590.7 1499.1 43.0 266.3|1566.2 1534.8 20.5 269.2|2913.6 2837.4 43.3 853.9 [2916.9 27354 84.0 818.8
CC1 1380.5 1334.3 25.8 199.5|1290.0 1238.5 31.6 217.7|2414.3 2300.6 64.5 700.1 |2443.0 2406.7 33.7 690.2
CC2 14145 1380.0 20.6 203.8|1238.0 1203.5 21.1 214.7|2518.9 2411.2 59.1 697.3 |2265.6 2157.4 69.3 679.9
CC3 1387.6 1325.2 353 209.8|1351.0 13029 36.0 227.6|2551.9 2387.5 879 787.1 |2541.3 24985 31.2 743.9
CC4 1348.6 1301.3 31.3 208.4|1321.8 1274.1 30.0 204.4|3049.3 29584 54.9 756.9 |2437.1 2316.6 75.5 803.5
CC5 1511.8 1474.6 21.4 219.5|1307.9 1248.4 32.8 192.4|2460.0 2381.4 57.1 710.7 |2385.6 2343.4 319 640.2
CD1 1630.7 1559.5 49.2 251.4|1518.4 1465.0 30.8 242.8|2791.5 2617.1 78.4 844.6 |5483.2 4990.8 227.9 1268.1
CD2 1702.3 1617.1 48.1 249.9|1537.6 1477.3 35.6 247.8|3083.4 29959 49.3 865.8 |2783.9 2684.6 51.3 878.5
CD3 1684.1 1629.9 35.9 252.9|1522.7 1481.6 30.9 242.0|3195.2 3114.0 76.3 856.3 |3080.9 2944.5 78.4 963.0
CD4 1589.1 1515.2 38.4 253.7|1431.9 1382.5 35.5 252.8|3813.6 3690.6 82.3 809.5 |2957.5 29019 40.3 9014
CD5 1602.0 1544.3 33.9 245.2|1534.8 1478.0 32.8 261.6|2884.5 2801.4 58.2 9459 (2774.8 2646.0 61.7 846.7
AVER 1592.9 1529.0 35.6 272.8(1485.3 1384.9 33.2 273.7|3029.5 2914.0 67.6 868.2 |2907.9 2792.8 68.1 883.7

4.5.5 Sensitivity analysis on impact of charging modes, battery capac-

ities, and charge speeds

We analyzed the impact of the en-route-charge, static-charge, and no-charge modes of
vehicles on the mode-computed outputs. The en-route-charge mode is the mode we
are studying here. The static-charge mode does not allow a van to charge its robot
en-route, and the van can only recharge its robot at charging stations. The no-charge
mode only allows the van and robot to be recharged at the depot only. The battery
capacity of vehicles and the charging rate of vehicles may also affect the efficiency of the
distribution system. Hence, we also analyzed the impact of battery capacity / charging
rate changes on the results.

We reset the battery capacity for each instance in the sensitivity analysis section, to
better distinguish the impact of charging modes, battery capacity, and charging rate
changes. The baseline battery capacity of the van (G;) and robot (G;) for each instance
were set as follows.

Step 1: We let a van carry its robot to provide services for a customer with a mini-
mum total van and robot travel distance and then let the van and robot return from the
original road.

Step 2: We recorded the maximum van travel distance / maximum robot travel
distance in Set 1/Set 2, and then repeated Step 1 until all the customers were served.

Step 3: We chose the maximum van/robot travel distance in Set 1/Set 2. We set
the maximum van travel distance to twice th