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A B S T R A C T

Last-mile delivery in the logistics chain contributes to congestion in urban networks due to
frequent stops. Crowd-shipping is a sustainable and low-cost alternative to traditional delivery
but relies heavily on the availability of occasional couriers. In this work, we propose a crowd-
shipping system that uses depots to improve accessibility for potential crowd-shippers to serve
a large portion of the demand for small parcels. While small-scale versions of this problem have
been recently addressed, scaling to larger instances significantly complexifies the problem. A
heuristic approach based on continuum approximation is designed to evaluate the quality of a
potential set of depots. By combining an efficient and accurate approximation method with a
large neighborhood search heuristic, we can efficiently find a good set of depots, even for large-
scale networks. The proposed methodology allows for heterogeneity among crowd-shippers and
allows identifying the expected number of delivered parcels in every region, which can be used
to enhance lower-level assignment decisions.

A case study on the Washington DC network shows that depots are built at geographically
central locations but most importantly at locations around popular origins for crowd-shippers.
The optimal number of depots is mainly dependent on the marginal number of parcels that can
be served by crowd-shippers from a specific depot, relative to the costs involved in opening that
depot. The operational costs approximated by our continuum approximation approach deviate
on average 2% from the actual operational costs using dynamic assignment strategies. For small
instances, our algorithm finds better solutions than solving a discrete formulation using CPLEX,
while being almost 200 times faster. For large instances, the discrete formulation cannot be
constructed by CPLEX, whereas the CA-based approach finds good solutions within minutes.
Finally, the results show that using CA-based strategies in all three layers of decision-making
can improve overall performance by 15% compared to non-predictive strategies.

. Introduction

The growing demand for e-commerce has led to a substantial increase in the challenges faced in traditional delivery. Nowadays,
he sharing economy allows for rapidly connecting supply and demand, which can be used to overcome these challenges. Such a
ystem where last-mile delivery is outsourced to a large number of individuals is referred to as crowd-shipping. In a crowd-shipping
ystem, individual couriers perform deliveries on their pre-existing route, possibly with a small detour, and thereby contribute to
he last-mile delivery of small parcels.
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Crowd-shipping has numerous advantages for customers, retailers, and society as a whole. Customers, who can be either on
he supply or demand side, are offered a fast, flexible, and often low-cost alternative to traditional delivery. Retailers also benefit
n terms of cost, as crowd-shippers (in the literature also referred to as occasional couriers) are generally cheaper than standard
rivers. Thereby, crowd-shippers are more flexible compared to standard drivers routes which are planned in advance, and can
herefore more easily incorporate last-minute changes. Nevertheless, such a system requires a critical mass of crowd-shippers to be
vailable and a large number of parcels, so as to create efficient matches without long detours. Society benefits mostly from the
educed environmental impacts as well as reduced traffic congestion. Traditional delivery is a large source of congestion because of
he presence of large delivery vans in urban networks and the roadblocks they cause. According to Generation IM et al. (2020), the
ast majority of the emissions in the whole logistics chain are generated by last-mile delivery. The World Economic Forum expects
he number of delivery vehicles in cities to increase by 36% until 2030, leading to an increase in delivery emissions of 32% and an
ncrease in congestion of 21%. On top of that, polluting delivery vehicles may not be allowed to enter low-emission or zero-emission
ones. All these aspects make it absolutely necessary to look for green, less-polluting, alternatives, such as crowd-shipping.

The success of a crowd-shipping system heavily relies on the availability of crowd-shippers and the potential to match them
o demand requests without large detours. The potential pool of crowd-shippers is considered to have a planned personal trip and
n associated individual trajectory which is not necessarily near to a parcel trajectory. In this work, we focus on the few-to-many
elivery problems of small parcels that are transportable by foot or by bike. If the pickup locations of parcels are poorly accessible
y potential crowd-shippers, few parcels can be delivered by crowd-shippers. This can form a major problem for crowd-shipping
ystems that use in-store pickups. For this reason, we focus on the problem of determining optimal depot locations that function
s origins of parcels. Depots are built at central locations in the network such that they are well accessible by crowd-shippers and
uch that a large portion of the parcel requests can be delivered.

In a depot-based crowd-shipping system, various decisions have to be made to construct a profitable system. These decisions
an be divided into strategic, tactical, and operational decisions. A schematic representation of the decision process is illustrated in
ig. 1. In the first stage, the locations of the depots, where parcels are stored for crowd-shippers to pick them up, are determined.
his is a strategic decision that has to be made before the system is operational and is therefore made without full knowledge of the
rajectories of potential crowd-shippers and parcels. In the second stage, the assignment of parcels to these depots is determined.
his is a tactical decision that is made under full knowledge of the set of parcel requests but only expectations of the trajectories
f potential crowd-shippers, fed by historical data. Then, crowd-shippers announce themselves, usually in a dynamic fashion, and
he parcels are assigned to them in the third (final) stage. These operational decisions are made daily based on full knowledge of
arcels and either full or partial knowledge of crowd-shippers’ itineraries. One of the complexities of the considered problem is the
ncertainty in the requests for parcels and the availability of crowd-shippers. As many companies offer next-day delivery, demand
or parcels is generally only known a day in advance. Crowd-shippers may announce their availability only upon departure from
heir origin.

Fig. 1. Schematic representation of decision process.

In this paper, we develop a framework to determine the best depot locations for a crowd-shipping system in a large urban
rea. This problem is especially difficult because of the dependency on lower-level decisions and costs on upper-level decisions. To
rack these interactions, we solve the lower-level assignment problem of parcels to potential crowd-shippers through a Continuum
pproximation (CA) approach, allowing us to determine the lower-level costs efficiently in a short time. These estimates are based
n the physical properties of the matching procedure, as well as expectations of the set of parcels and the set of crowd-shippers,
ed by historical data. We develop a large neighborhood search heuristic that exploits the CA estimates to efficiently search a
ood set of depots that minimizes the operational costs. In addition to this, these estimates are used to design a smart dynamic
ssignment strategy of parcels to crowd-shippers that outperforms existing strategies. A comparison of our approach to solving a
iscrete formulation of the problem shows that on small networks the objective obtained by our CA-based approach is slightly better
han that of the discrete formulation. In terms of computation time, our CA-based approach is almost 200 times faster. On large
etworks, the discrete formulation fails to find a feasible solution within a reasonable amount of time, whereas our CA approach
an find good depot locations within minutes.

The remainder of this paper is organized as follows. We provide a review of the relevant literature in Section 2, where we
ighlight the unique features of this problem. The proposed methods to efficiently solve this multi-level problem, including the
ontinuum approximation of the assignment problem, the depot-location algorithm, and a smart dynamic assignment strategy, are
2
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discussed in Section 3. In Section 4 we describe the discrete event simulator and various assignment strategies for the second
and third-stage assignment problems. The results are discussed in Section 5, where we evaluate the proposed methodology with
comparisons to static and dynamic benchmarks. We compare the performance of our CA-based algorithm against solving a discrete
formulation using CPLEX and perform various sensitivity analyses. Performance is evaluated using a discrete event simulator based
on a part of the city of Washington DC. The paper is concluded in Section 6.

2. Literature review

The last-mile delivery of parcels is a well-studied topic in the optimization literature. Traditionally, goods are delivered by using
elivery vans. In this case, the problem can be formulated as a Pickup-and-Delivery Problem (PDP) (Savelsbergh and Sol, 1995) or
Vehicle Routing Problem (VRP) (Toth and Vigo, 2002). These problems have been extended to include various problem-specific

spects such as time-windows (Dumas et al., 1991; Ropke and Cordeau, 2009) or uncertainty (Fabri and Recht, 2006).
Due to the increase in online shopping, a large number of traditional vans is needed to serve all demand. According to Iwan

t al. (2016), delivery vans for last-mile delivery are one of the main causes of congestion in urban areas. As a consequence, many
ompanies are looking for more sustainable options to replace the aforementioned traditional delivery methods. Iwan et al. (2016)
nalyze the use of parcel lockers where customers can pick up and send small parcels. Results from a pilot survey in Poland indicate
hat the use of these lockers can potentially reduce the environmental impact of last-mile delivery. Another alternative is drone
elivery (Agatz et al., 2018; Karak and Abdelghany, 2019), for which it has been shown that combining truck delivery with a drone
an significantly reduce transportation costs. Thereby, drones cause less congestion compared to delivery vans. Akeb et al. (2018)
ropose a model that relies on the interaction of a network of neighbors to enhance parcel delivery in urban areas.

Another promising alternative to traditional last-mile delivery methods is crowd-shipping. In a crowd-shipping system, the last-
ile delivery of small parcels is (partially) outsourced to individual commuters that can deliver the parcel on their pre-existing route.
arious empirical studies have investigated the potential and determinants of crowd-shipping (Ermagun and Stathopoulos, 2018;
e and Ukkusuri, 2019; Punel et al., 2019). These studies have shown the potential demand for crowd-shipping and the concerns
f potential users. Thereby, they highlight the importance of the availability of occasional couriers. Potential crowd-shippers have
pre-existing itinerary (origin, destination, and approximate departure and arrival times) and trip purpose (for example, a work

ommute or a leisure trip). Therefore, only parcels that do not create significant inconvenience can be assigned to the crowd-shipper
hat has to be compensated for the inconvenience through some (monetary) incentive.

Recently, substantial research has been done on the operational problems that arise in crowd-shipping systems. For a review of
ecent academic research as well as recent practice, the reader is referred to Le et al. (2019). Pourrahmani and Jaller (2021) give
n overview of the operational challenges and research opportunities that exist in this field. One of these operational challenges is
he matching of parcels to crowd-shippers which has been studied by, among others, Li et al. (2014) and Soto Setzke et al. (2017).

e also note the similarities with matching problems in ride-sharing (Masoud and Jayakrishnan, 2017), ride-hailing (Yan et al.,
020), and carpooling (Wang et al., 2018). Another important operational problem is pickup and delivery routing. Clearly, these
roblems are intertwined and therefore are often tackled jointly. Archetti et al. (2016) model the static routing problem as a Vehicle
outing Problem with Occasional Drivers (VRPOD). It is assumed that an occasional driver is willing to make a delivery if the extra
istance traveled to make the delivery is less than a pre-specified portion of the total distance traveled. Li et al. (2014) consider a
rowd-shipping scenario where people and parcels share a taxi. They model the problem as a Share-a-Ride Problem (SARP), which is
n extension of the Dial-a-Ride Problem (DARP). Dahle et al. (2017) consider a two-stage stochastic program to model the VRP with
ynamic occasional drivers. The first-stage decision models the route of the traditional delivery truck. After the occasional drivers
ake themselves known in the second stage, they are assigned to parcels and the truck route can be changed. Arslan et al. (2019)
odel the problem as a dynamic PDP. Their heuristic assigns crowd-shipping tasks to occasional (ad-hoc) drivers dynamically. Cohn

t al. (2007) integrate matching and routing decisions for carriers of small packages. Yildiz and Savelsbergh (2019) introduce the
ervice and capacity planning problem. With their model, they aim to answer questions that arise in a crowd-shipping system, both
n strategic and operational levels.

As the availability of potential crowd-shippers is a key determinant of the performance of a crowd-shipping system, parcels may
e stored at intermediate depot locations (or transshipment points) such that they are easily reachable by potential suppliers. Wang
t al. (2016) consider ‘‘pop-stations’’ distributed around the city where crowd-shippers can perform pickups. For a fixed set of
ransshipment points, they optimize the utilization of crowd-shippers for last-mile delivery. Raviv and Tenzer (2018) and Macrina
t al. (2020) consider a crowd-shipping system where crowd-shippers can pick up parcels either from the depot or from transshipment
oints. Their results show the economic benefits of such transshipment nodes. Similarly, Yıldız (2021) also considers transshipment
oints but uses a dynamic programming algorithm to solve their problem. Contrary to the fixed transshipment points in the previous
orks, Mousavi et al. (2021) consider mobile depots. They do not consider the routing of vehicles, but they determine the optimal

ocation of these mobile depots under uncertainty in supply.
Contrary to the majority of the literature that has studied operational problems, in this paper we consider the strategic planning

roblem of network design. Specifically, we focus on finding the optimal depot locations. This is closely related to the Facility
ocation Problem (FLP) (Cornuéjols et al., 1983), where optimal locations of facilities are chosen in a network. This approach
as been commonly used to determine the location of depots in freight transportation problems (Fernandes et al., 2014; Gendron
t al., 2016). We also note the similarities with hub location problems in passenger transportation. There, hubs function as locations
here passengers can switch between mobility modes in a multi-modal shared mobility system (Blad et al., 2022) or between
3

ublic transport modes (Yatskiv and Budilovich, 2017). A depot for freight transportation is fundamentally different from a hub for
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passenger transportation. Whereas freight can be kept at a depot for a long time before a pickup, passengers are sensitive to time
and desire rapid transfers. A comprehensive review of various solution algorithms for different variants of the hub location problem
is presented by Wandelt et al. (2022).

Our research question is most similar to Mousavi et al. (2021) and Nieto-Isaza et al. (2021) who consider exact formulations for
trategic location problems in crowd-shipping systems. However, due to their exact approach, their methods are limited to small-scale
nstances. Given the large potential of crowd-shipping in large urban areas, we focus on an algorithmic approach that can be applied
o large-scale instances. Nieto-Isaza et al. (2021) consider fixed capacities of crowd-shippers on arcs. We allow crowd-shippers to
ake small detours, thereby enlarging the flexibility and performance, which forms an additional complexity. Thereby, we model

he capacity of crowd-shippers, allowing them to carry multiple parcels. In addition to this, Mousavi et al. (2021) and Nieto-Isaza
t al. (2021) consider a two-stage model where all crowd-shippers are known at the same instance. We extend this to a more realistic
ynamic arrival of crowd-shippers, equivalent to a multi-stage model.

We use a CA approach to approximate with some level of accuracy the cost of the lower-level assignment problems and
onsecutively use an efficient heuristic to determine the depot locations. The reader is referred to Ansari et al. (2018) for a recent
eview of the advancements of CA models for logistics and transportation systems. CA approaches have been widely used for the
esign of large-scale networks. For example, for the design of vehicle routing problems (Daganzo, 2005; Ouyang, 2007), integrated
ackage distribution systems (Smilowitz and Daganzo, 2007) and pickup-and-delivery problems (Lei and Ouyang, 2018). Thereby,
A has been used for various variants of the FLP, such as the reliable FLP (Li and Ouyang, 2010; Cui et al., 2010) and the competitive
LP (Wang and Ouyang, 2013). Although we note the similarities between the FLP and the depot location problem discussed in
his paper, we note that the main difference is that our problem introduces an additional layer of complexity due to the underlying
ssignment problem of parcels to crowd-shippers. This complexity does not allow us to evaluate all the lower-level costs for every
otential set of depot locations, as is commonly done a priori in an FLP.

Building on the approximated lower-level costs, we use a large neighborhood search heuristic to solve the depot location problem
hat minimizes the total cost of the crowd-shipping system. We use performance metrics to efficiently search the neighborhoods
f solutions. Due to the fast CA approximation, we can find the optimal depot locations in a reasonable time. In addition to
his, the CA estimates are used as input to a smart dynamic assignment strategy, that outperforms existing dynamic strategies
y leveraging the expectations of future crowd-shippers. A discrete event simulator is used to evaluate the performance of the
ontinuum approximation, the depot-location algorithm, and the dynamic assignment strategy.

. Methodology

In this section, we describe the methodological contributions of this paper. In Section 3.1 we give a more detailed description of
he problem and formulate the problem as an integer stochastic programming problem. In Section 3.2 we describe the continuum
pproximation approach used to approximate the cost in the third-stage assignment problem. In Section 3.3 we explain the methods
sed to identify the depot locations based on the CA results. A notational glossary of the sets, parameters, and variables is provided
n Table 2 in Appendix. For the sake of readability, a division has been made for parameters that are introduced in the problem
escription, continuum approximation approach, and large neighborhood search algorithm.

.1. Discrete formulation

The problem as described in Fig. 1 can be formulated as an integer stochastic programming problem. In this way, we can
ncorporate the two types of uncertainty by dividing the problem into three levels. The formulation is similar to that of Mousavi
t al. (2021). The main difference is that we consider an additional layer of uncertainty (uncertainty in demand) which makes
ur problem a three-stage stochastic programming problem, compared to the two-stage stochastic programming problem proposed
y Mousavi et al. (2021). In addition to this, crowd-shippers may carry multiple parcels in our formulation, as opposed to them
arrying only one parcel in the formulation by Mousavi et al. (2021).

We consider a set of demand requests for small parcels 𝑝 ∈ 𝑃 , which is a realization drawn from random variable 𝜉𝑃 . Similarly,
we consider a set of crowd-shippers 𝑐 ∈ 𝐶, which is a realization drawn from random variable 𝜉𝐶 . Thereby, we consider the set
f potential depots 𝐷𝑝 and binary decision variables 𝑧𝑑 for all 𝑑 ∈ 𝐷𝑝 equal to 1 if depot 𝑑 is opened and 0 otherwise. The set

of opened depots is hereafter referred to as 𝐷 and we continue to use 𝐷𝑝 for the set of potential depots, that are not necessarily
opened. A depot can be opened at a cost 𝜙depot and a maximum of 𝐷max depots can be opened. The value of 𝐷max is a modeling
hoice related to the maximum capital investment a crowd-shipping operator is willing to make. The fixed cost of opening a depot
ainly consists of the daily rental costs of a location and the maintenance costs of parcel lockers. Acquiring the parcel lockers is
one-time investment and is therefore neglected. The costs involved with the second and third stages depend on earlier decisions,

s well as the realization of parcels and crowd-shippers, and are denoted by 𝜓2(𝑧, 𝑃 ) and 𝜓3(𝑧, 𝑦, 𝑃 , 𝐶) respectively. The first-stage
bjective is to minimize the sum of the costs of opening depots and the expected costs of the second and third stages. We denote
ith E𝜉 [⋅] the expected value function over random variable 𝜉. The first stage can be formulated as follows:

minimize 𝜙depot ∑

𝑑∈𝐷𝑝
𝑧𝑑 + E𝜉𝑃 [𝜓2(𝑧, 𝑃 )], (1)

𝑠.𝑡.
∑

𝑧𝑑 ≤ 𝐷max, (2)
4

𝑑∈𝐷𝑝
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𝑧𝑑 ∈ B ∀𝑑 ∈ 𝐷𝑝. (3)

he objective (1) is to minimize the total costs consisting of fixed costs for every opened depot and the operational costs. The
perational costs are an expected value of the second- (and indirectly third-) stage costs. Constraint (2) enforces that at most 𝐷max

epots can be opened.
In the second stage, we decide which parcel to assign to which depot. For this, we introduce binary decision variables 𝑦𝑝𝑑 which

s equal to 1 if parcel 𝑝 ∈ 𝑃 is assigned to depot 𝑑 ∈ 𝐷𝑝, and 0 otherwise. We assume there are no costs involved with the second
tage (at least, there is no direct cost difference between assigning to different depots) other than the expected costs of the third
tage. We consider small and portable parcels, such that depot capacity can be disregarded. This leads to the following formulation
f the second stage:

𝜓2(𝑧, 𝑃 ) = E𝜉𝐶 [𝜓3(𝑧, 𝑦, 𝑃 , 𝐶), ] (4)

𝑠.𝑡.
∑

𝑑∈𝐷𝑝
𝑦𝑝𝑑 ≤ 1 ∀𝑝 ∈ 𝑃 , (5)

𝑦𝑝𝑑 ≤ 𝑧𝑑 ∀𝑝 ∈ 𝑃 , 𝑑 ∈ 𝐷𝑝, (6)

𝑦𝑝𝑑 ∈ B ∀𝑝 ∈ 𝑃 , 𝑑 ∈ 𝐷𝑝. (7)

The second stage costs only consist of the expected costs of the third stage. Every parcel is assigned to at most one depot, which is
enforced by Constraints (5). Constraints (6) ensure that a parcel is only assigned to an opened depot.

Finally, in the third stage, the parcels are assigned to crowd-shippers. For this, we introduce binary decision variables 𝑥𝑝𝑐𝑑 ,
which is equal to 1 if parcel 𝑝 ∈ 𝑃 is assigned to crowd-shipper 𝑐 ∈ 𝐶 and depot 𝑑 ∈ 𝐷𝑝, and 0 otherwise. The crowd-shipper fee for
every parcel is denoted by 𝜙cs

𝑝𝑑 and depends on the distance between the origin depot 𝑑 and the destination of parcel 𝑝. Specifically,
𝜙cs
𝑝𝑑 = 𝜙cs,1

𝑝 +𝜙cs,2
𝑝 ⋅ 𝑡𝑑,𝑑𝑒𝑠𝑡(𝑝) where the first term is a fixed compensation per delivery and the second term is a variable compensation

depending on the distance between the origin and destination of the parcel. The cost of regular delivery of parcel 𝑝 ∈ 𝑃 is defined
as 𝜙reg

𝑝 and comprises all costs associated with last-mile delivery such as fuel cost, driver salary, and cost of maintenance and repair.
It is clear that for a parcel 𝑝, crowd-shipping is only favored over regular delivery if 𝜙cs

𝑝𝑑 < 𝜙reg
𝑝 . A parcel can be assigned to only

one crowd-shipper and a crowd-shipper can be assigned at most 𝑞𝑐 parcels. Although a crowd-shipper can carry multiple parcels,
we assume these parcels need to have identical origins and destinations, to limit the inconvenience of pickup and delivery that
a crowd-shipper encounters. Thereby, a parcel can only be assigned to a crowd-shipper if they can feasibly pick up and deliver
this parcel, given the depot the parcel was assigned to in the second stage. We use a binary parameter 𝑓𝑝𝑐𝑑 which is equal to 1 if
crowd-shipper 𝑐 ∈ 𝐶 can feasibly pickup parcel 𝑝 ∈ 𝑃 from depot 𝑑 ∈ 𝐷𝑝 and deliver it to the final destination of the parcel. A
potential crowd-shipper 𝑐 ∈ 𝐶 is assumed to have a maximum detour 𝜏𝑐 he/she is willing to make to pick up and deliver a parcel,
which defines this feasibility parameter. The third stage can then be formulated as:

𝜓3(𝑧, 𝑦, 𝑃 , 𝐶) =
∑

𝑝∈𝑃
𝜙reg
𝑝 +

∑

𝑝∈𝑃

∑

𝑐∈𝐶

∑

𝑑∈𝐷𝑝
𝑥𝑝𝑐𝑑 (𝜙cs

𝑝𝑑 − 𝜙
reg
𝑝 ), (8)

∑

𝑝∈𝑃

∑

𝑑∈𝐷𝑝
𝑥𝑝𝑐𝑑 ≤ 𝑞𝑐 ∀𝑐 ∈ 𝐶, (9)

∑

𝑐∈𝐶

∑

𝑑∈𝐷𝑝
𝑥𝑝𝑐𝑑 ≤ 1 ∀𝑝 ∈ 𝑃 , (10)

𝑥𝑝𝑐𝑑 ≤ 𝑦𝑝𝑑𝑓𝑝𝑐𝑑 ∀𝑐 ∈ 𝐶, 𝑝 ∈ 𝑃 , 𝑑 ∈ 𝐷𝑝, (11)

𝑥𝑝1𝑐𝑑1 + 𝑥𝑝2𝑐𝑑2 ≤ 1 ∀𝑐 ∈ 𝐶, 𝑝1, 𝑝2 ∈ 𝑃 , 𝑑1, 𝑑2 ∈ 𝐷𝑝 ∶ (12)
(𝑑1 ≠ 𝑑2 ∥ 𝑑𝑒𝑠𝑡(𝑝1) ≠ 𝑑𝑒𝑠𝑡(𝑝2)),

𝑥𝑝𝑐𝑑 ∈ B ∀𝑐 ∈ 𝐶, 𝑝 ∈ 𝑃 , 𝑑 ∈ 𝐷𝑝. (13)

The operational costs of the third stage in Eq. (8) are made up of penalties for regular delivery and compensations awarded to
crowd-shippers. Without crowd-shipping, all parcels would be delivered by regular delivery vehicles, therefore incurring penalties
∑

𝑝∈𝑃 𝜙
reg
𝑝 . Every parcel that is delivered by crowd-shippers then costs 𝜙cs

𝑝𝑑 for compensation, but reduces the penalties by 𝜙reg
𝑝 .

Every shipper can be assigned at most 𝑞𝑐 parcels and every parcel can be assigned to at most one crowd-shipper, which is enforced
by Constraints (9) and (10) respectively. Thereby, through Constraints (11), we ensure that a parcel should be picked up from the
depot to which it was assigned in the second stage and that the match is feasible. Constraints (12) enforce that only parcels with
identical origins and destinations are allowed to be carried by the same crowd-shipper.

The difficulties of solving this problem in (1)–(13) are three-fold. First, we are dealing with two separate layers of uncertainty.
The first layer of uncertainty is in the parcels; with next-day delivery being extremely common, the number of parcel requests
in every region is uncertain up to a day before delivery. The second layer of uncertainty is in the crowd-shippers. The number
of crowd-shippers and their itineraries are generally uncertain up to shortly before the departure of the crowd-shipper. Whereas
some crowd-shippers may know their schedule well in advance, others may only make themselves available a few minutes before
departure. Thereby, exact schedules may be prone to last-minute changes. The second difficulty is that decisions in each of the
three stages are heavily intertwined. Decisions in the first and second stages are made based on expected costs and actions in the
third stage, whereas the optimal third-stage decisions and corresponding costs depend on the decisions that were made in the first
5
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and second stages. This illustrates the importance of solving the problem as a whole and the inability to decompose it. The third
difficulty is that the large size of the problem in urban areas causes a computational burden.

These difficulties combined make it impossible for the problem to be solved exactly for a realistic case study. Therefore, in
his paper, we approximate the second and third-stage operational costs using a continuum approximation approach. Based on the
pproximated operational costs, we optimize the first-stage strategic decisions. By using an approximation of the second and third
tages, we can evaluate many potential depot combinations within a reasonable amount of time and therefore explore a large search
pace.

.2. Continuum approximation

To approximate the third-stage costs, as well as estimate the served parcels in every region of the network, we use a CA approach.
ather than using a formulation based on individual crowd-shippers and parcels like in Section 3.1, we reformulate the second and

hird stages to a region-based formulation. We consider a network split into 𝑅 regions. Daily demand for small parcels in every
region 𝑟 ∈ 𝑅 is equal to 𝜇𝑟. To allow for heterogeneity among crowd-shippers, potential crowd-shippers are divided into classes.
We denote �̃� as the set of crowd-shipper classes, not to be confused with the discrete set of crowd-shippers 𝐶. Every class 𝑐 ∈ �̃�
corresponds to a homogeneous group of crowd-shippers with origin 𝑜𝑟(𝑐), destination 𝑑𝑒𝑠𝑡(𝑐), and a maximum detour 𝜏𝑐 . We note
that additional heterogeneity may be added, such as maximum distance traveled or value of time, but this is omitted in this work.
The number of crowd-shippers in class 𝑐 is denoted by 𝜆𝑐 . For the sake of approximation, a crowd-shipper with capacity 𝑞𝑐 is counted
as 𝑞𝑐 separate crowd-shippers in 𝜆𝑐 .

We define parameter 𝑒𝑟𝑐𝑑 which is equal to 1 if a crowd-shipper of class 𝑐 can pick up a parcel at depot 𝑑 and deliver it to the
inal destination in region 𝑟, and 0 otherwise. When 𝑒𝑟𝑐𝑑 = 1, this is referred to as a feasible assignment. For all feasible assignments
or which crowd-shipping is more expensive than regular delivery (𝜙cs

𝑟𝑑 > 𝜙reg
𝑟 ) we set 𝑒𝑟𝑐𝑑 = 0. We remark the relation between

he parameter 𝑒𝑟𝑐𝑑 and the parameter 𝑓𝑝𝑐𝑑 in the discrete formulation. One of the main advantages of this reformulation is that the
omputation of the variables 𝑒𝑟𝑐𝑑 relies only on the size of the network (that is, the number of regions) and the level of heterogeneity
nd not on the number of crowd-shippers nor the number of parcels. Thereby, it is independent of the realizations of parcels and
rowd-shippers, whereas 𝑓𝑝𝑐𝑑 depends on the realizations of the uncertain sets 𝑃 and 𝐶.

Geometrically, the matching problem and the definition of 𝑒𝑟𝑐𝑑 can be interpreted through two ellipses, as depicted in Fig. 2. The
original route from the origin to the destination of a crowd-shipper is depicted by the black line. The crowd-shipper has to make a
detour by performing a pickup at 𝑑 and delivery at the final destination of the parcel 𝑟. For this to be feasible within the maximum
detour 𝜏𝑐 , the following should hold. The depot location 𝑑 should lie within the ellipse with focus points 𝑜𝑟(𝑐) and 𝑑𝑒𝑠𝑡(𝑐), where the
distance between the focus and the closest vertex is equal to 𝜏1. Thereby, the final destination 𝑟 should lie within a second ellipse
with focus points 𝑑 and 𝑑𝑒𝑠𝑡(𝑐), where the distance between the focus and the closest vertex is equal to 𝜏2. If 𝜏1+ 𝜏2 ≤ 𝜏𝑐 , the pickup
and delivery can be made within the maximum detour. The difficulty of this problem is marked by the variability in the values of 𝜏1
and 𝜏2 under the constraint 𝜏1 + 𝜏2 ≤ 𝜏𝑐 . In addition to this, there is a dependency between the size of the two ellipses. As the point
𝑑 has to lie within the black ellipse, it restricts the size of the blue ellipse. We also note that we cannot omit the second ellipse by
simply considering the line segment between 𝑑 and 𝑑𝑒𝑠𝑡(𝑐) inside the black ellipse instead of just point 𝑑, because of the influence
of the direction of this segment on the total detour. Due to these difficulties, we resort to numerical approximations.

Fig. 2. Geometric interpretation of matching problem.

3.2.1. LP approximation
We use a region-based approximation of the discrete formulation in Section 3.1. We consider region-based cost parameters 𝜙reg

𝑟
for regular delivery to region 𝑟 ∈ 𝑅 and 𝜙cs

𝑟𝑑 for crowd-shipped delivery to region 𝑟 ∈ 𝑅 from depot 𝑑 ∈ 𝐷. We define decision
ariables 𝑥𝑟𝑐𝑑 as the number of crowd-shippers of class 𝑐 ∈ �̃� that perform a delivery from depot 𝑑 ∈ 𝐷 to region 𝑟 ∈ 𝑅. The
pproximation can then be formulated using the following Linear Programming (LP) problem:

maximize
∑

𝑐∈�̃�

∑

𝑟∈𝑅

∑

𝑑∈𝐷
(𝜙reg
𝑟 − 𝜙cs

𝑟𝑑 )𝑥𝑟𝑐𝑑 (14)

∑

𝑐∈�̃�

∑

𝑑∈𝐷
𝑥𝑟𝑐𝑑 ≤ �̂�𝑟 ∀𝑟 ∈ 𝑅 (15)

∑ ∑

𝑥𝑟𝑐𝑑 ≤ �̂�𝑐 ∀𝑐 ∈ �̃� (16)
6
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𝑥𝑟𝑐𝑑 ∈ R ∩ [0, 𝑒𝑟𝑐𝑑 min(�̂�𝑟, �̂�𝑐 )] ∀𝑐 ∈ �̃�, 𝑟 ∈ 𝑅, 𝑑 ∈ 𝐷 (17)

The objective is to minimize the total operational costs. Here, we simplified the objective function in (14) to only account for the
delivered parcels. All parcels that are not delivered by crowd-shippers incur a cost for regular delivery. Constraints (15) and (16)
ensure that not more deliveries are made than there are parcels requested and not more crowd-shippers are used than there are
available. Constraints (17) define the range of the decision variables and ensure that only feasible deliveries are made.

Although this drastically simplifies the second and third layer of the discrete problem in Section 3.1 computation times and
memory consumption for constructing and solving the LP problem can still be problematic for large networks. Thereby, this
formulation ignores the level of uncertainty between hub assignment (second-stage decisions) and crowd-shipper assignment (third-
stage decisions). This generally leads to an underestimation of the costs in a more realistic dynamic setting with uncertainty.
Therefore, we next propose an algorithmic approximation that encompasses these two aspects.

3.2.2. Algorithmic approximation
For the sake of approximation, we treat the second and third-stage decisions in reverse order. First, we merge all depots

and approximate the third-stage assignment. Second, based on the third-stage approximations we approximate the second-stage
parcel-depot assignments. The second-stage approximations are needed because of their influence on the costs 𝜙cs

𝑟𝑑 .
When multiple depots are opened, the main difficulty is that both parcels and crowd-shippers have to be split over the various

epots. Only when the expected number of parcels delivered by a specific depot is independent of the other depots, this problem can
e separated into subproblems. However, especially when two potential depots are close together, it is clear that this independency
s not true. When multiple depots are opened, each parcel can originate from multiple depots and each crowd-shipper can pick up
arcels from multiple depots as long as they are within their maximum detour 𝜏𝑐 . We first relax the second stage assignment of

parcels to depots. We define 𝑒𝑟𝑐 which is equal to 1 if a crowd-shipper with origin at 𝑜𝑟(𝑐) and destination at 𝑑𝑒𝑠𝑡(𝑐) can pick up a
parcel from at least one open depot and deliver it to the final destination in region 𝑟, and 0 otherwise. Specifically:

𝑒𝑟𝑐 = min(1,
∑

𝑑∈𝐷
𝑒𝑟𝑐𝑑 ) ∀𝑐 ∈ �̃�, 𝑟 ∈ 𝑅. (18)

We want to approximate the number of parcels delivered from a given set of depots to all regions separately. To approximate this,
we let �̂�𝑟 be the expected number of parcels with a destination in region 𝑟 and let �̂�𝑐 the expected number of crowd-shippers in
class 𝑐 ∈ �̃�. Then, we define �̄�𝑐 =

∑

𝑟∈𝑅 𝑒𝑟𝑐 �̂�𝑟 as the total number of parcels that can potentially be served by crowd-shippers of
class 𝑐. For the sake of the approximation, we assume that a crowd-shipper is equally likely to choose any of the parcels they can
feasibly deliver. Following from this, the probability that he picks a parcel with destination region 𝑟 is equal to �̂�𝑟

�̄�𝑐
if 𝑒𝑟𝑐 = 1 and 0

otherwise. We can then consider all potential crowd-shippers to obtain the following estimation of the number of served parcels:

𝑢𝑟 =
∑

𝑐∈�̃�

𝑒𝑟𝑐 �̂�𝑐
�̂�𝑟
�̄�𝑐

∀𝑟 ∈ 𝑅. (19)

Here, we sum over all classes of potential crowd-shippers. A class is only considered if the assignment is feasible. Every crowd-shipper
in �̂�𝑐 is considered to make the delivery with the same probability �̂�𝑟

�̄�𝑐
. If no crowd-shippers can be assigned to a region 𝑟, that is

either �̂�𝑐 = 0 or 𝑒𝑟𝑐 = 0 for every origin–destination pair, then the number of delivered parcels will always be zero. Similarly, if
the expected number of parcels �̂�𝑟 is zero, 𝑢𝑟 will also be zero. We also note that it is possible for �̄�𝑐 = 0, in which case Eq. (19) is
undefined. In this case, �̂�𝑟

�̄�𝑐
is naturally set to 0.

If �̂�𝑟 is non-zero, crowd-shippers with different origin–destination pairs may be assigned to the same parcel-destination region 𝑟.
As this could lead to an overestimation of the number of served parcels in that region (𝑢𝑟 > �̂�𝑟), we take into account that at most
�̂�𝑟 parcels can be delivered to a region 𝑟. Therefore, we define 𝑣𝑟 which is the minimum of those two.

𝑣𝑟 = min(�̂�𝑟, 𝑢𝑟) ∀𝑟 ∈ 𝑅. (20)

Especially if the number of crowd-shippers is high, by overestimating 𝑢𝑟 in region 𝑟 (i.e., 𝑢𝑟 > �̂�𝑟), it is likely that 𝑢𝑟′ for another
region 𝑟′ ≠ 𝑟 will be underestimated. Therefore, we use an iterative process to ensure that this unavoidable overestimation is
accounted for in the other regions. We consider the leftover number of parcels 𝑙𝑟 = max(0, 𝑢𝑟 − �̂�𝑟) and split it evenly over the
potential crowd-shippers. Similar to the assignment of parcels to crowd-shippers, we assume that every crowd-shipper that can be
feasibly assigned to a region 𝑟 (that is, every crowd-shipper of class 𝑐 for which 𝑒𝑟𝑐 = 1), is equally likely to be assigned to one of
the leftover parcels in 𝑙𝑟. Therefore, the 𝑙𝑟 leftover parcels are split over the origin–destination pairs proportional to the number of
crowd-shippers that could be feasibly assigned to region 𝑟. We define the leftover crowd-shippers as follows:

�̂�′𝑐 =
∑

𝑟∈𝑅
𝑙𝑟

𝑒𝑟𝑐 �̂�𝑐
∑

𝑐∈�̃� 𝑒𝑟𝑐 �̂�𝑐
∀𝑐 ∈ �̃�. (21)

Thereby, we define the undelivered parcels �̂�′𝑟 = �̂�𝑟 − 𝑣𝑟. All parcels that are already expected to be served by previously assigned
crowd-shippers no longer need to be considered and are therefore disregarded. We then compute 𝑢𝑟 according to Eq. (19), but now
using �̂�′𝑐 and �̂�′𝑟 as inputs in stead of �̂�𝑐 and �̂�𝑟. Using these we find an additional portion of parcels that can be delivered and we
update the estimated number of delivered parcels and the leftover parcels as follows:

𝑣 = min(�̂� , 𝑣 + 𝑢 ) ∀𝑟 ∈ 𝑅. (22)
7
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𝑙𝑟 = max(0, 𝑢𝑟 − �̂�′𝑟) ∀𝑟 ∈ 𝑅. (23)

This iterative process can be repeated until the number of leftover parcels 𝑙𝑟 is zero for all regions 𝑟 ∈ 𝑅. Intuitively, if 𝑙𝑟 = 0, all
previously overestimated delivered parcels have been compensated for. However, we emphasize that the simplifying assumptions
of proportional assignment in Eqs. (19) and (21) can lead to suboptimal assignments.

As the costs 𝜙cs
𝑝 depend on the distance between the depot and the final destination of the parcel 𝑝, we make an approximation of

how many parcels are at which depot through the previously approximated total deliveries. That is, we approximate the second-stage
decisions that we previously relaxed to approximate the operational costs. Let 𝑣𝑟(𝐷) be the number of parcels delivered to region 𝑟
if depots 𝐷 are opened. We recall 𝜙cs

𝑟𝑑 as the compensation of crowd-shippers making a delivery between depot 𝑑 and destination
egion 𝑟. Thereby, we define 𝑎𝑟𝑑 the number of parcels with final destination 𝑟 ∈ 𝑅 that are stored at depot 𝑑 ∈ 𝐷 as follows:

𝑎𝑟𝑑 = �̂�𝑟
𝑣𝑟({𝑑})

∑

𝑑∈𝐷 𝑣𝑟({𝑑})
. (24)

This approximation assumes that a parcel is not necessarily assigned to the closest depot, but may be assigned to a further depot.
In Section 5.6 we show that such an assignment is substantially better than a closest-depot assignment. The reason for this is that
the flow of crowd-shippers is often not homogeneous across the network. In that case, storing a parcel at a depot further away may
increase the likelihood of it being delivered by crowd-shippers if the depot and the destination of the parcel (in that order) are on
a route that is a more common itinerary for potential crowd-shippers.

The total cost can be obtained directly from the results of the approximation. The total approximated cost, similar to that defined
in Section 3.1, is as follows. The first term comprises the fixed costs of constructing and maintaining depots. The second term
approximates the crowd-shipper compensations by using the total number of delivered parcels derived by the iterative procedure
and using the parcel-depot assignment from Eq. (24). The third term approximates the costs of regular delivery. As the costs of
regular delivery are assumed to be equal for all parcels we do not distinguish between depots.

(𝐷) = 𝜙depot
|𝐷| +

∑

𝑟∈𝑅

[

∑

𝑑∈𝐷
𝜙cs
𝑑𝑟

𝑎𝑟𝑑
∑

𝑑∈𝐷 𝑎𝑟𝑑

]

𝑣𝑟(𝐷) + 𝜙reg ∑

𝑟∈𝑅
(�̂�𝑟 − 𝑣𝑟(𝐷)). (25)

This approximation can be easily extended for a probability distribution rather than a single expected value. For example, the
distributions 𝜉𝑃 and 𝜉𝐶 in Section 3.1 can be used to generate multiple scenarios for which the approximation is repeated. The
average value can then be used as an approximation of the costs.

3.3. Determining depot locations

The cost for a given set of depot locations can be approximated efficiently using the methods discussed in the previous section.
Despite this, in large urban networks, the number of options for depot locations to consider can still be extremely large. Specifically,
the number of possible combinations grows exponentially with the number of possible depot locations and therefore with the size
of the network. Enumerating all options is impossible for large networks and therefore we design an efficient heuristic to determine
the best depot locations.

We propose a Large Neighborhood Search (LNS) heuristic to solve this problem. LNS heuristics explore a complex neighborhood
to find better candidate solutions (Pisinger and Ropke, 2010). We efficiently explore the neighborhood by using metrics for the
quality of solutions, that allow us to select candidates to destroy and repair in a smart way. The advantage of this algorithm is that
we do not need to evaluate the full neighborhood at every iteration but we can use a quality and similarity metric to select a single
candidate which is evaluated. Thereby, the high level of randomness allows for diversification of the search and therefore finding
robust solutions. The general structure of the algorithm is described in Algorithm 1. The remainder of this subsection describes the
initialization of the algorithm and the details of the destroy and repair operators, that exploit the specific features of our problem.

Initialization
To initialize the heuristic, we compute several components that are input to the algorithm. First, we compute the 3-dimensional

matrix 𝐸 with elements 𝑒𝑟𝑐𝑑 for every potential depot. Thereby, we compute the single-depot objectives for each depot 𝑑 ∈ 𝐷𝑝 which
will be used as a quality metric for the depots. This metric will be referred to as 𝑚𝑑 , which is defined as 𝑚𝑑 = (∅)+𝜙depot −({𝑑}).
The intuition behind this is that a depot that performs well on its own is more likely to perform well in combination with other
depots. Nevertheless, depots that are serving parcels with similar destinations and attract crowd-shippers with similar itineraries
might perform poorly if they operate together, as one depot has little added value over the other. For this reason, we construct a
similarity measure 𝑠𝑑1 ,𝑑2 for how similar two depots are in terms of the service area of crowd-shippers using that depot. Specifically,
𝑠𝑑1 ,𝑑2 is determined as follows:

𝑠𝑑1 ,𝑑2 =
[
∑

𝑟∈𝑅
∑

𝑐∈�̃� min(𝑒𝑟𝑐𝑑1 , 𝑒𝑟𝑐𝑑2 )𝜆𝑐 ]
2

[
∑

𝑟∈𝑅
∑

𝑐∈�̃� 𝑒𝑟𝑐𝑑1𝜆𝑐 ][
∑

𝑟∈𝑅
∑

𝑐∈�̃� 𝑒𝑟𝑐𝑑2𝜆𝑐 ]
. (26)

learly, two depots that are very similar in terms of the service area are likely to have a lower gain in performance when they are
ombined. For this reason, this similarity measure will be used to select dissimilar depots to be combined.

We use a multi-start heuristic so that we randomly determine 𝜂 initial solutions. Every initial solution is generated according to
simple construction heuristic. Every depot is randomly chosen with a probability proportional to the quality of the depot in the

ingle-depot solution. By using a multi-start heuristic we aim to increase the search space and therefore decrease the likelihood of
8

nding up at a local optimum.
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Body of algorithm
We terminate the LNS algorithm after a fixed number of 𝜅 iterations. In every iteration, we consider the following operations

n the current solution 𝛺 and obtain the corresponding objective value. A newly generated solution is always accepted if it is an
mprovement over the previous solution and a worse solution is never accepted.

1. 𝑂1 - Repair operator: For every depot 𝑑 that is not in the current solution 𝛺, we compute the following metric: 𝑚𝛼𝑑
[
∑

𝜔∈𝛺 𝑠𝑑,𝜔]𝛽
where 𝛼 and 𝛽 are tuning parameters that determine the relative importance of single-depot performance and inter-depot
similarity. This metric determines the best depot to be added to the current solution, taking into account the quality of the
depot in the single-depot solution as well as the similarity to the other depots in the current solution. We use the sum of
the similarity with all depots in the current solution 𝛺, such that a depot that is similar to two depots rather than only one
should have a lower metric value. Alternatively, the maximum similarity across all depots in the current solution 𝛺 can be
used in the denominator to replace the sum. A new depot is added randomly with a probability proportional to the value of
this metric.

2. 𝑂2 - Destroy operator: For every depot 𝑑 that is in the current solution 𝛺, we determine the same metric as in 𝑂1 and randomly
drop a depot with a probability proportional to the inverse of the metric in 𝑂1. By taking the inverse, depots that are very
similar to other depots and depots with relatively low single-depot performance are most likely to be removed.

3. 𝑂3 - Swapping operator: A sequential combination of 𝑂1 and 𝑂2 where a depot in the current solution 𝛺 is replaced by another
depot that is not in the current solution. We first destroy a depot 𝜔 ∈ 𝛺 using destroy operator 𝑂2 and then add a depot
using repair operator 𝑂1, based on the similarity with the remaining depots 𝛺 ⧵ {𝜔}.

Algorithm 1: Large Neighborhood Search Algorithm
1 Input: For every depot 𝑑 the quality metric 𝑚𝑑 and for every pair of depots (𝑑1, 𝑑2) the similarity metric 𝑠𝑑1 ,𝑑2
2 for 𝑛 ∈ [1, 𝜂] do
3 Generate an initial solution 𝛺0

𝑛
4 for 𝑘 ∈ [1, 𝜅] do
5 𝛺𝑘

𝑛 ← 𝛺𝑘−1
𝑛

6 Destroy a depot in 𝛺𝑘
𝑛 according to 𝑂2

7 Repair a depot in 𝛺𝑘
𝑛 according to 𝑂1

8 if 𝐶(𝛺𝑘
𝑛 ) > 𝐶(𝛺

𝑘−1
𝑛 ) then

9 𝛺𝑘
𝑛 ← 𝛺𝑘−1

𝑛

10 return argmin𝛺∈{𝛺𝜅1 ,…,𝛺𝜅𝜂 } 𝐶(𝛺)

4. Discrete event simulator

We develop a discrete event simulator to simulate the dynamic operational process. Considering the decision process in Fig. 1,
he depot locations are determined using the methods described in Section 3, and the second and third-stage decisions are simulated.

e consider various assignment strategies both for the second and third stage decisions, of which we evaluate the performance in
ection 5.6.

The simulator is initialized by generating a set of parcel requests consisting of only a destination region (the origin is at one of
he depots and will be determined in the second stage) and a set of potential crowd-shippers consisting of an origin and destination
egion and a starting time of the trip. For the sake of this simulation, crowd-shippers are assumed to make themselves available at
he start of their trip. All generated parcel requests are assigned to a depot based on one of the strategies described in Section 4.1.
ll potential crowd-shippers are sorted in ascending order of their start times. The generation of parcels and crowd-shippers is
erformed using a pseudo-random number generator, such that simulations using various policies can be directly compared.

Upon the arrival of a crowd-shipper, a parcel or a set of parcels is assigned to this crowd-shipper based on one of the strategies
escribed in Section 4.2. After the assignment, the assigned parcel(s) is/are reserved for the crowd-shipper for pickup and the
rowd-shipper departs from his origin to the origin of the parcel(s). A new pickup event is scheduled, taking into account the travel
ime between the origin of the crowd-shipper and the origin of the parcel. As soon as a parcel is assigned to a crowd-shipper, it is
o longer available to be assigned to other crowd-shippers, even when it is not yet picked up.

For every pickup event, a delivery event is scheduled taking into account the travel time between the origin and destination of a
arcel. As only parcels with identical origins and destinations are assigned to the same crowd-shipper, pickup events that correspond
o different parcels but the same crowd-shipper occur simultaneously. The same is true for delivery events. For every delivery event,
he number of served parcels and total costs are updated and the detour made by the crowd-shipper is stored. The simulation ends
hen all parcels have been delivered or when all crowd-shippers have either completed a delivery or have failed to be assigned to
parcel. We emphasize that the simulator allows us to consider time synchronization constraints. Crowd-shippers are considered

n order of their arrival time and the system is constantly updated such that only the parcels that are available at the arrival time
f the crowd-shipper are considered for pickup.
9
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4.1. Stage 2: Parcel-depot assignment

After the depots are determined in stage 1, parcels have to be assigned to depots on a day-to-day basis. At this stage, parcels are
ssumed to be known exactly (all orders of parcels have been collected), but crowd-shippers can announce their availability last
inute and are therefore unknown. By simply assigning parcels to the closest depot in terms of distance, the importance of the flow

f potential crowd-shippers is neglected. For the sake of comparison, we consider a distance-based metric that assigns all the parcels
f a region to the opened depot that is closest to that region. Consider the set of opened depots 𝐷 and consider 𝜇𝑟 parcels with

destinations in region 𝑅. We recall that the travel time between depot 𝑑 and region 𝑟 is defined as 𝑡𝑑𝑟. We define 𝑎𝑟𝑑 the number of
parcels with final destination 𝑟 ∈ 𝑅 that are stored at depot 𝑑 ∈ 𝐷 as follows:

𝑎𝑟𝑑 = 𝜇𝑟1[
𝑡𝑑𝑟= min

𝑑′∈𝐷
𝑡𝑑′𝑟

]. (27)

Although a depot can be close in terms of distance, if very few crowd-shippers can feasibly deliver a parcel from that depot to the
final destination, such a parcel-depot assignment can perform poorly. Therefore, we develop an assignment strategy based on the
CA-estimates obtained using the algorithm as described in Section 3.2. We solve the single-depot-approximation for every depot
𝑑 ∈ 𝐷 to obtain the expected number of parcels delivered to region 𝑟 ∈ 𝑅, 𝑣𝑟({𝑑}). To obtain the single-depot approximations,
we ignore the capacity of crowd-shippers to be slightly more conservative, which has shown to perform better. We then assign
the parcels proportional to the expected number of parcels delivered from a specific depot location. In this case, we define 𝑎𝑟𝑑 as
follows:

𝑎𝑟𝑑 = 𝜇𝑟
𝑣𝑟({𝑑})𝛾

∑

𝑑∈𝐷 𝑣𝑟({𝑑})𝛾
. (28)

The tuning parameter 𝛾 can be used to give extra weight to larger depots (depots with high expected deliveries) and less weight to
smaller depots (depots with lower expected deliveries). We emphasize the similarity of this assignment and parcel-depot assignment
in the CA estimation in Eq. (24).

4.2. Stage 3: Parcel-crowd-shipper matching

In the third stage of our problem, when the depots are known and parcels are distributed over these depots, parcels have to
be assigned to crowd-shippers. Generally, parcels are matched to crowd-shippers dynamically, upon arrival of the crowd-shippers.
A parcel can only be matched to a crowd-shipper if they can pick up and deliver the parcel within their maximum detour, this
is referred to as a feasible match. If a crowd-shipper can be feasibly matched to multiple parcels, the operator has to decide which
parcel to assign to the crowd-shipper to maximize the total number of delivered parcels over the entire planning horizon. We consider
the following three alternative matching approaches. The static matching approach relies on solving an integer linear programming
problem, whereas the minimal-detour and CA-based matching use a simple decision rule. Furthermore, the static matching approach
uses information about future crowd-shippers, whereas the other two approaches, more realistically, only consider one crowd-shipper
at a time.

Static matching
The static matching approach assumes complete knowledge of all future crowd-shippers that will arrive. The static matching

can be obtained by solving an ILP problem, that can be taken from the third stage of the stochastic programming formulation
(8)–(13). Here, the depots are fixed and the parcel-depot assignment has been made. Therefore, the variable 𝑦𝑝𝑑 can be fixed to 0
or 1 according to the previously made assignments. This then simplifies the right-hand side of Constraints (10), while the rest of
the formulation remains unchanged.

As the static matching is made without uncertainty about the future crowd-shippers, this forms a lower bound to the other
matching approaches. In reality, this could be very unrealistic if crowd-shippers make themselves known only shortly before
departing. Despite this, it forms a useful benchmark to compare the dynamic assignment strategies as well as the continuum
approximation.

Minimal-detour matching
The minimal detour matching matches the crowd-shipper to the parcel for which the crowd-shipper minimizes the detour.

This matching strategy, therefore, does not use any knowledge of future crowd-shippers. This strategy minimizes crowd-shipper
inconvenience but is likely to be suboptimal as it does not use any information on future crowd-shippers. We consider that the
set 𝑃 only contains parcels that are not yet assigned to other crowd-shippers, and we consider 𝑐 ∈ 𝐶 the current crowd-shipper.
We let 𝑜𝑟(⋅) and 𝑑𝑒𝑠𝑡(⋅) be the origin and destination location, respectively, for a crowd-shipper or parcel. Then the minimal detour
matching chooses the parcel that minimizes the detour a crowd-shipper makes to pick up and deliver a parcel. This is computed as
follows:

𝑝𝑚𝑖𝑛 = argmin
𝑝∈𝑃

[

𝑡𝑜𝑟(𝑐)𝑜𝑟(𝑝) + 𝑡𝑜𝑟(𝑝)𝑑𝑒𝑠𝑡(𝑝) + 𝑡𝑑𝑒𝑠𝑡(𝑝)𝑑𝑒𝑠𝑡(𝑐) − 𝑡𝑜𝑟(𝑐)𝑑𝑒𝑠𝑡(𝑐)
]

. (29)

f multiple parcels with the same origin and destination have the lowest detour, up to 𝑞𝑐 parcels are assigned to the current
10
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CA-based matching
The minimal-detour matching only uses information on the crowd-shipper that is currently available. In this way, part of the

nformation about potential crowd-shippers arriving in the future remains unused, although this can be useful. Generally, historic
ata is available that provides insights into the expected number of crowd-shippers. In practice, expectations of demand based on
istoric data are used to make strategic decisions. Actual demand is usually known at least one day in advance and is therefore
sed for operational decisions. The CA-based matching approach exploits the information on the approximated number of delivered
arcels to improve the matching quality. An arriving crowd-shipper is assigned the parcel with the destination region that has the
owest expected number of delivered parcels relative to the total demand in that region ( 𝑣𝑟�̂�𝑟 ). The intuition behind this assignment

strategy is that we favor parcels that are less likely to be delivered in the future. By doing so, we increase the total expected
number of parcels delivered over the entire planning horizon. If the chosen destination region has multiple parcels available, up to
𝑞𝑐 parcels are assigned to the current crowd-shipper 𝑐. To obtain the estimates 𝑣𝑟, we disregard the capacity of crowd-shippers to be
slightly more conservative. This shows an improvement in the performance of the CA-based matching. Compared to static matching,
CA-based matching only uses a simple metric to determine the assignment, rather than solving an ILP problem. Therefore, the match
can be determined extremely fast, similar to minimal-detour matching, which forms a major advantage for our real-time application.
Here, we do not take into account fluctuations in the arrival rates of crowd-shippers during the day. This is marked as an interesting
direction for future research.

5. Results

In this section, we evaluate the performance of the developed CA approach to find the optimal depots, as well as the potential
of depot-based crowd-shipping. Our results are obtained through a case study based on the city of Washington DC, of which the
details are described in Section 5.1. In Section 5.2 we evaluate the accuracy of our continuum approximation by comparing it to
two exact benchmarks. In Section 5.3 we further evaluate the performance of our CA approach by comparing our solution to the
solution obtained by solving the discrete formulation using a CPLEX solver. In Section 5.4 we evaluate the results on the network
and in Section 5.5 we perform a sensitivity analysis on the optimal number of depots. Finally, in Section 5.6 we evaluate the effect
of incorporating historic information about crowd-shippers and parcels in the three levels of decision-making on the results.

5.1. Case study

We use the city of Washington DC and the surrounding metropolitan area as a case study. The city of Washington DC has
around 700,000 inhabitants and the entire agglomeration has around 7 million inhabitants. Washington DC hosts one of the biggest
Bike-sharing platforms in the USA: Capital Bikeshare. Capital Bikeshare has over 500 stations and 4500 bikes (Capital Bikeshare,
2020). Such a bike-sharing platform with a large number of users forms a good base for a crowd-shipping service. We consider the
locations of the bike-sharing stations as potential depot locations and use them as approximations for regions making up the entire
service area.

Based on the station names, approximate coordinates of the locations are extracted from Google Maps (2020). An approximation
of the surrounding population has been made using Census Reporter (2021) data, which in turn has been used as a proxy for demand
for small parcels. We note that the actual coordinates of the stations may slightly deviate from the approximated coordinates due to
misinterpreted station names. Nevertheless, the obtained network is used as a representation of an actual network. A bike-sharing
station is used as a potential demand region with the expected number of parcels proportional to the population around that station.
Historic system data from the Capital Bikeshare (2020) database has been used to identify origin–destination pairs for the crowd-
shippers. The stations that are used as regions are displayed in Fig. 3(a). This figure displays a bubble chart of those regions, where
the size of the bubble is determined relative to the population around the corresponding station. Whereas the most used stations in
terms of origins and destination of crowd-shippers are around Union Station, the Mall, and the center of Washington DC, demand is
higher in the suburbs. This shows the large asymmetry in crowd-shippers’ origin and destination locations on the one hand and parcel
destinations on the other that is usually present in crowd-shipping systems in real urban areas, making this case study especially
realistic and interesting. We consider 330 stations in the center of Washington DC and the nearest suburbs, as displayed in Fig. 3(a).
In Sections 5.2 and 5.3 we consider a smaller network of only 90 nodes in the center, as the benchmark approaches used in those
sections are computationally intractable for the larger instance. The network is displayed in Fig. 3(b) with the smaller subnetwork
in red. For the sake of computation time, we only use crowd-shippers that have their origin and destination within the selected area.
In our experiments, the number of parcels has been fixed at the expected value such that crowd-shippers are the only uncertain
variable in the problem.

We use the following parameter values to get a realistic interpretation of the results. We assume that the cost of opening and
operating a depot 𝜙depot is equal to 1000$ per day. This is based on the average rental price in Washington DC to place the storage
lockers and the maintenance cost involved in operating the depots. The cost of regular delivery is set to be 15$, similar to Le et al.
(2019). A part of these costs is still made to serve the depots, therefore, we consider a slightly lower value for 𝜙reg

𝑝 equal to 10$.
Our baseline scenario assumes a homogeneous set of crowd-shippers that are willing to make a detour (𝜏) of at most 500 m and
wish to receive (𝜙cs

𝑝 ) 5$ to make a delivery plus 1$ for every kilometer traveled with a parcel. The daily demand for parcels is
assumed to be roughly 20,000 per day, proportional to the population in a region. The number of potential crowd-shippers is set to
approximately 25,000. Of these crowd-shippers, 60% can carry only 1 parcel, 30% can carry 2 and 10% can carry up to 3 parcels.
The demand scenario is fixed to the expected value, whereas 10 different supply scenarios are generated based on a Poisson process.
11
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Fig. 3. Network of Washington DC used for the case-study. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)

The LNS parameters are tuned in order to find a good objective value within a reasonable time. The algorithm uses 5 initial
solutions (𝜂) and 500 iterations (𝜅). The repair and destroy operators take parameters 𝛼 equal to 4.5 and 𝛽 equal to 8. These values
were chosen based on a grid search over a large range of parameter values. The parameters were chosen such that they maximize
the number of multi-start initial solutions for which the best objective was found and at the same time minimize the number of
iterations needed to find this objective. The tuning parameter 𝛾, used for the parcel-depot assignment, is chosen equal to 1. CPLEX
version 12.6.3.0 is used in Java to solve all MILPs.

5.2. Comparison of continuum approximation to static and dynamic assignment strategies

To evaluate the quality of the continuum approximation, we compare the estimated total costs to two benchmarks. The first
benchmark assumes full knowledge of crowd-shippers before parcels are distributed to the depots. This means that we use the
formulation of the second and third-stage as given by Eqs. (4)–(13), but for a single realization of parcels and crowd-shippers which
is known with certainty. This eliminates the expected value in Eqs. (4) and (8) and allows us to solve the problem to optimality
using a standard Mixed Integer Programming (MIP) solver, such as CPLEX. The objective is to minimize the operational costs which
are given in (8). The second benchmark is a realistic dynamic assignment procedure. We use the CA-based parcel-depot assignment
and the CA-based matching of parcels and crowd-shippers, which outperforms other assignment strategies (see Section 5.6).

For the sake of computation time, we consider a subset of the full network of only 90 regions and we set the capacity of every
crowd-shipper to 1. In this way, we eliminate Constraints (12), which significantly reduces the computation time of the static
assignment method. A large sensitivity analysis is performed for the expected number of potential crowd-shippers (�̂�), the maximum
detour (𝜏), and the number of depots (|𝐷|). We use daily demand for parcels �̂� equal to approximately 4000 and varying �̂�

�̂� from 0.5
to 2. We vary 𝜏 from 250 m to 1000 m and we consider 1, 3, 5, and 7 depots, which is appropriate given the small network. Given
the lower number of parcels, we also change the depot cost 𝜙depot to 100$. We compare the objective obtained through the CA
approach as well as the LP approximation. The results are visualized in Figs. 4 to 7, that display the percentage difference between
the predicted objective and the actual (simulated) objective. We compare the LP-approximation and the algorithmic approximation
to a static and dynamic assignment strategy. A set of 10 demand and supply instances is used for all simulations.

It is clear that the LP approximation performs well compared to the static benchmark, with near 0 differences between the
approximation and the actual objective. The reason for this is that both the benchmark and the approximation disregard uncertainty
and are therefore able to reach a lower bound on the total costs. However, compared to the more realistic dynamic benchmark the LP
approximation underestimates the actual total costs by on average 5% and can go up to 13%. Clearly, with increasing uncertainty, the
performance of the LP approximation will decrease. Thereby, the performance also deteriorates with the number of hubs and slightly
deteriorates with the number of crowd-shippers and the maximum detour. We emphasize that the objective generally decreases when
�̂�
�̂� , 𝜏, and |𝐷| increase and therefore the percentual difference between the actual and approximated objective is amplified.

The CA approximation accounts for uncertainty between the two lower levels of decision-making whereas the static benchmark
ignores this uncertainty. Therefore, the CA approximation overestimates the objective of the static benchmark and performance
deteriorates especially when the number of hubs increase as the static benchmark can optimally make the parcel-hub assignment,
whereas the CA approximation cannot. Compared to the more realistic dynamic benchmark, the approximated objective differs on
average 2% from the actual objective with ranges between 0 and 5%. A comparison of Figs. 5 and 7, shows that incorporating the
uncertainty between the two lower-level decisions significantly improves the performance of the approximation. With respect to
12
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Fig. 4. Percentage difference between the predicted objective by the LP approximation and the actual objective simulated by the static assignment strategy.

Fig. 5. Percentage difference between the predicted objective by the LP approximation and the actual objective simulated by the dynamic assignment strategy.

Fig. 6. Percentage difference between the predicted objective by the CA approximation and the actual objective simulated by the static assignment strategy.

Fig. 7. Percentage difference between the predicted objective by the CA approximation and the actual objective simulated by the dynamic assignment strategy.
13
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computational time, the CA approximation is on average 100 times faster on the small network. Thereby, the number of variables
and constraints will increase for the full-size network, making it even more computationally demanding for the problem to be
constructed and solved by CPLEX.

5.3. Comparison of CA approach to discrete formulation

In this section, we further evaluate the performance of our algorithm by comparing the CA-based solution algorithm proposed
n this work to solving the discrete formulation in Section 3.1 using CPLEX. For the discrete formulation to be solvable within a
easonable amount of time, we consider a subset of the network with 90 nodes, limit the number of scenarios in 𝜉𝑃 and 𝜉𝐶 to 1

and the capacity of the crowd-shippers to 1. In this way, the expected values in the objectives in Eqs. (1) and (4) are eliminated
and due to the full knowledge of supply and demand, the variables 𝑦𝑝𝑑 can be omitted as well. Thereby, the capacity of 1 allows us
to eliminate Constraints (12). We emphasize that this significantly simplifies the discrete formulation, as for larger networks with
more realistic settings (such as those considered in Sections 5.4–5.6), CPLEX fails to find an optimal or feasible solution or even fails
to construct the model due to the size of the problem. We also note the discrete formulation requires integer inputs. In the 90 × 90
network, this may lead to a relatively high difference between the two estimates which could potentially influence the solution.

The results are displayed in Fig. 8. The left-hand panel displays the objective of the CA method relative to the objective of the
discrete formulation. The objective values were computed as an average of 10 simulations using a CA-based dynamic assignment
strategy for the parcel-depot and parcel-crowd-shipper assignments. Rather than directly comparing the objective values, we subtract
a baseline of e5 for every parcel to properly quantify the percentual difference in the objective value. The right-hand panel displays
the computation times of both methods for various settings, where we note the log scale of the 𝑦-axis. A time limit of 1 h has
been implemented and CPLEX solves the problem up to a 5% optimality gap (without this, the solver may continue looking for
negligible improvements, creating a biased comparison of CPU times). For this experiment, demand for parcels �̂� and the number
of crowd-shippers �̂� vary between 1000 and 2000 and the maximum detour is either 250 m or 500 m. Compared to the previous
experiment, smaller values have been chosen such that the discrete formulation is solvable within a reasonable amount of time.

For the comparison of the objective values, we emphasize that the hub locations for both the discrete formulation and the
CA-based algorithm were determined using only a single scenario, which can lead to suboptimality in the dynamic simulation
setting. We observe that the CA-based method generally obtains better solutions, which can be partially explained by the chosen
5% optimality gap for the discrete formulation. Clearly, the results obtained by the CA-based algorithm are more robust and find
good solutions even when using only a single scenario. The discrete formulation, on the other hand, does not find robust solutions
and requires a higher number of scenarios to adapt the depot locations. Thereby, the current simplification ignores the uncertainty
which is captured by the CA-based algorithm, which may therefore also lead to suboptimality. We also observe that for settings for
which the discrete formulation cannot be solved within the 1-h limit, the improvement of the CA-based algorithm over the discrete
formulation is significantly higher.

Computation times are significantly higher for solving the discrete formulation than for the CA-based method. Computation time
for both methods increases with the number of hubs. However, the CA-based approach is only marginally influenced by the number
of crowd-shippers, parcels, and maximum detour. Averaged over all tested settings, the CA-based algorithm is almost 150 times
faster than solving the discrete formulation. For the high-demand case with 2000 parcels, this even goes over 400 times faster,
despite computation time being limited to one hour. Thereby, we emphasize again that for larger networks with more realistic
settings such as multiple scenarios, the discrete formulation cannot be used at all whereas the CA-based method only requires a
couple of minutes to find high-quality solutions.

Fig. 8. Comparison of the CA-based method and solving the discrete formulation.

Another alternative method is to use a simulation–optimization approach in combination with the described large neighborhoods
search algorithm. Here, a simulation is used to evaluate the objective rather than the CA-based approximation. The performance of
this method is highly dependent on the details of the simulator and the efficiency of the implementation. Thereby, to obtain a good
estimate, the simulation has to be repeated many times to obtain an average. For large-scale systems, such as the one considered in
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the remainder of this paper, evaluating the objective by simulation is computationally too time-consuming to obtain results within
a reasonable amount of time or will also run into memory issues like the discrete formulation. Note that even the initialization of
the LNS algorithm requires strong computational effort for large systems.

5.4. Results on the network

To obtain managerial insights regarding the exact location of depots, we evaluate the depot locations in the network. We
emphasize that from this section onwards we use the 330 node network with the baseline parameters outlined in Section 5.1. The
bubble chart in Fig. 9 displays the considered network where a blue bubble represents a regular demand region and a red bubble
represents a demand region that was chosen to have a depot. The size of the bubble represents the fraction of demand that was
served by crowd-shippers. That is, a full bubble implies that all parcels in the region are expected to be delivered by crowd-shippers,
according to the continuum approximation, whereas a smaller bubble implies that only a fraction of the parcels is expected to be
delivered by crowd-shippers. Fig. 9(a) displays the approximation for three depots and Fig. 9(b) displays the approximation for five
depots.

Fig. 9. Bubble chart of parcels served by crowd-shippers in the network. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

We observe that depots are located in the city center of Washington DC where the number of potential crowd-shippers is the
highest. As we are using bike-sharing users to approximate the commuting patterns of crowd-shippers, these are mainly in the city
center. We notice that most depots are in the northwest of the city center, where demand is the highest as depicted in Fig. 3(a).
In addition to this, depots are spread sufficiently to attract more crowd-shippers and to have a broader service area. Many of the
chosen depots are either at popular origins of potential crowd-shippers, such as a train station, or at popular intersections where
many crowd-shippers pass by either directly or within their maximum detour.

Fig. 10. Spider chart linking the origins and destinations of delivered parcels.
The strong inter-dependency between the depots is shown in Fig. 10, which displays from which depots the parcels delivered to

each region originate. Fig. 10(a) shows the spider chart for three depots and Fig. 10(b) shows the spider chart for five depots. The
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majority of the destination regions are served by multiple depots. Only the regions in the outskirts of the network are served by a
single depot. To quantify the results in this figure, we calculate how many regions are served by more than one depot. Specifically,
we count the number of regions for which at most 90% of the delivered parcels originate from one depot. For three depots, 37% of
the regions where at least one parcel is delivered are served by more than 1 depot. For five depots, this is as high as 70%. Typically
we observe that the higher the number of depots, the lower the number of regions served by a single depot and thus the higher the
inter-dependency. Intuitively, this corresponds to the fact that when more depots are constructed, the distance between depots is
lower, and therefore their similarity (see Section 3.3) increases.

5.5. Optimal number of depots

In this section, we evaluate the optimal number of depots for 𝜏 varying between 500 and 1000 m. Fig. 11 displays the costs
for a varying number of depots, as approximated by the CA approach, for a set of depots that is obtained through the CA-based
heuristic. The total costs are split into the three components that make up the objective function in Eq. (25) and consist of costs of
maintaining depots, crowd-shipper compensations, and penalties for undelivered parcels.

Increasing the value of 𝜏 has two opposing effects on the total costs. On the one hand, potential depot locations that previously
were not able to serve sufficient demand to be profitable may now be able to serve more demand because the maximum detour is
higher, thereby increasing the optimal number of depot locations. On the other hand, a depot may be able to reach more demand
regions due to the increase of 𝜏, making other depots obsolete, thereby reducing the optimal number of depots. A similar effect is
true for an increase or decrease in the total expected number of crowd-shippers, which may either lead to an increase or decrease
in the optimal number of depots. We emphasize that this is specific to the chosen scenario and costs.

The marginal percentage of demand served due to the addition of one more depot is diminishing. The first depots are the most
profitable and can serve a relatively large portion of the demand. As we showed in Section 5.4, these depots are built at central
locations where the number of potential crowd-shippers is high. Afterward, additional depots can be opened at less busy locations
to further increase served demand, but the effect is substantially lower.

Fig. 11. Decomposition of costs for varying number of depots and maximum detour 𝜏.

5.6. Comparison to non-predictive strategies

As described in Section 3, the proposed solution approaches to all three stages contain a predictive component to incorporate the
influence of parcel and crowd-shipper patterns and their interaction in decision-making. We use historic information on parcels and
crowd-shippers to enhance the decision-making on all three layers. In this section, we compare the predictive CA-based strategies to
those that do not use such a predictive component and only base the decisions on geographical distances. The first stage decisions are
compared to an FLP minimizing the total distance of every region to the closest depot. The second stage parcel-depot assignment is
compared to an assignment strategy where each parcel is assigned to the closest opened depot. The third stage matching is compared
to a minimal-detour strategy for crowd-shippers. These non-predictive approaches ignore the connection between the three stages
and solve every stage separately, basing their decisions solely on distance rather than estimates of the pattern of parcels, crowd-
shippers, and the interaction of the two. The service levels are displayed in Table 1. For every scenario, the percentage of parcels
served by crowd-shippers is an average of 10 simulation runs. We consider a base case with 5 depots, roughly 20,000 parcel requests,
and 25,000 crowd-shippers (with varying capacities that are 1.5 on average). The maximum detour for crowd-shippers is 500 m.

Using predictive methods that incorporate expected patterns and interactions of parcels and crowd-shippers significantly
improves the performance of the depot-based system. Especially the use of our algorithm to determine the optimal depot locations
compared to a simple distance-based algorithm that chooses depots at central locations increases the service level by more than
10%. Additionally, using predictive strategies to make second and third-stage decisions can improve the objective by up to 5%.
Overall, the results indicate that for this specific set of configurations (i.e., number of depots, maximum detour, etc.) using predictive
components in all three levels of decision-making can improve the service level by 15%. We emphasize that results may vary for
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Table 1
Comparison of predictive CA-based strategies to non-predictive strategies.

First-stage Second-stage Third-stage

Non-predictive Predictive

Non-predictive Non-predictive 35.4 38.4
Predictive 36.5 38.7

Predictive Non-predictive 46.1 48.1
Predictive 48.1 50.9

The reported values are the number of parcels delivered by crowd-shippers as a percentage of
the total demand for parcels.

Fig. 12. Histogram of service level and profit for random sets of 5 depots.

other configurations. For example, if we increase the number of depots to 10, the fully non-predictive service level is 44%, whereas
the fully predictive service level is 56.1%. Typically, we observe that higher service levels are more difficult to improve.

For the same settings as before, we compare the service level and profit of the predictive and non-predictive approach to randomly
generated sets of 5 depots. This provides additional insights into the performance of our methods as well as into the influence of the
exact depot locations on service level and profit. We randomly generate 100 sets and evaluate them all on the same 10 instances. This
then yields 1000 observations of profit and service level that are displayed in Fig. 12. The spread of the histograms shows that the
exact locations of depots significantly influence the service level and profit of the crowd-shipping system. Clearly, the non-predictive
FLP method is outperformed by some randomly generated sets. The predictive CA-based approach, on the other hand, outperforms
all randomly generated sets.

6. Conclusion

Crowd-shipping is a promising alternative to traditional last-mile delivery methods that can help to reduce congestion, and
pollution and improve the overall performance of the delivery system. One of the main drivers is the availability of sufficient
suppliers. In this paper, we proposed a depot-based crowd-shipping system where crowd-shippers pick up parcels from depot
locations and deliver them to the final destination. By constructing depots at strategic locations, more crowd-shippers can be
attracted to serve more demand.

We approximate the lower-level decisions of assigning parcels to depots and later to crowd-shippers using a Continuum
Approximation (CA) approach. The approximation shows to provide an accurate estimation of the actual objective using dynamic
assignment strategies, on average being within 2% of the optimal dynamic assignment problem, with deviations being at most 5%
on the tested instances. We developed a heuristic approach to efficiently determine the optimal depot locations. The heuristic uses
CA to approximate the lower-level operational decisions and a large neighborhood search heuristic to make the strategic upper-level
decisions (i.e., find the best set of depots). Using quality and similarity metrics, the search space is explored efficiently and a solution
is found within a reasonable amount of time. We compare the performance of our algorithm to solving a discrete formulation. This
comparison indicates that, on a set of smaller instances of 90 regions, our algorithm is on average almost 200 times faster on the
tested, going up to 1000 times for the largest tested instance. In terms of solution quality, our algorithm generally finds slightly
better solutions for instances where the CPLEX solver converges with the one-hour time limit, but significantly better solutions for
instances where the solver does not terminate. For realistic instances of 330 regions, our algorithm can find good depot locations
within a reasonable amount of time whereas the cannot even be constructed, let alone find feasible solutions.

The estimates of the CA approach can also be used to develop dynamic assignment strategies for the parcel-depot and the
parcel-crowd-shipper assignment. These assignment strategies then incorporate the interaction of potential crowd-shippers and
17
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parcels, whereas classic strategies are mostly distance based. A comparison of our suggested approach where all three levels of
decision-making incorporate historic information of crowd-shippers and parcels outperforms distance-based methods by 15%.

A natural extension of this work is to incorporate vehicle routing costs directly into the depot location problem. The framework
esigned in this paper allows to efficiently incorporate routing decisions as long as the problem is solved or approximated fast.
outing decisions can then be included as second-stage decisions. Furthermore, a generalization of the problem to include (soft)

ime windows would enable customers to indicate their preferred delivery time.
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ppendix

See Table 2.
Table 2
Notational glossary.

Problem description

Sets
𝐶 Set of potential crowd-shippers (indexed 𝑐)
𝐷 Set of opened depots (indexed 𝑑)
𝐷𝑝 Set of potential depots (indexed 𝑑)
𝑃 Set of parcels requested (indexed 𝑝)
Parameters
𝑞𝑐 Capacity of crowd-shipper 𝑐
𝐷max Maximum number of depots that can be built
𝑓𝑝𝑐𝑑 Parameter indicating if crowd-shipper 𝑐 can feasibly pick up and deliver parcel 𝑝, with an origin at depot 𝑑
𝑡𝑜𝑑 Travel time between node 𝑜 and node 𝑑
𝜙depot Fixed costs of opening a depot
𝜙cs
𝑝𝑑 Reward given to crowd-shippers to pick up and deliver parcel 𝑝, with an origin at depot 𝑑
𝜙reg
𝑝 Cost of regular delivery of parcel 𝑝
𝜓𝑘(⋅) Function describing the costs of the 𝑘th stage for a given set of inputs
𝜉𝑃 (𝜉𝐶 ) Random variable of which the realizations are vectors of parcel requests (potential crowd-shippers)
Decision variables
𝑥𝑝𝑐 Decision variable indicating whether parcel 𝑝 is matched to crowd-shipper 𝑐
𝑦𝑝𝑑 Decision variable indicating whether parcel 𝑝 is assigned to depot 𝑑
𝑧𝑑 Decision variable indicating whether depot 𝑑 is opened

Continuum approximation algorithm

Sets
�̃� Set of crowd-shipper classes
𝑅 Set of regions
Parameters
𝑒𝑟𝑐𝑑 Binary parameter indicating if crowd-shippers of class 𝑐 can feasibly pick up a parcel at depot 𝑑 and deliver it to region 𝑟
𝑒𝑟𝑐 Binary parameter indicating if crowd-shippers of class 𝑐 can feasibly pick up a parcel at at least one depot and deliver it to region 𝑟
𝑜𝑟(𝑐) Origin of crowd-shippers in class 𝑐
𝑑𝑒𝑠𝑡(𝑐) Destination of crowd-shippers in class 𝑐
𝜇𝑟 Number of parcels with destination in region 𝑟
�̂�𝑟 Expected number of parcels with destination in region 𝑟
𝜆𝑐 Actual number of potential crowd-shippers of class 𝑐
�̂�𝑐 Expected number of potential crowd-shippers of class 𝑐
𝜏𝑐 Maximum detour crowd-shippers of class 𝑐 are willing to make to pick up and deliver a parcel
𝜙cs
𝑟𝑑 Reward given to crowd-shippers to perform a pickup at depot 𝑑 and delivery to region 𝑟

𝜙reg
𝑟 Cost of regular delivery of a parcel to region 𝑟
Variables
𝑎𝑟𝑑 Number of parcels with final destination 𝑟 stored at depot 𝑑
(𝐷) Total expected cost of opening the set of depots 𝐷
𝑙𝑟 Leftover parcels with a destination in region 𝑟 in iterative CA procedure
𝑢𝑟 Intermediate estimate for the expected number of parcels delivered by crowd-shippers to region 𝑟
𝑣𝑟 Expected number of parcels delivered by crowd-shippers to region 𝑟
𝑣𝑟(𝐷) Total expected number of parcels delivered by crowd-shippers to region 𝑟 for a set of depots 𝐷
𝑥𝑟𝑐𝑑 Decision variable indicating how many parcels with a destination in region 𝑟 are assigned to depot 𝑑 and crowd-shipper class 𝑐
�̃�𝑟 Remaining expected number of parcels with destination in region 𝑟 in iterative CA procedure
�̄�𝑐 Total number of parcels that can potentially be served by crowd-shippers of class 𝑐
�̃�𝑐 Remaining expected crowd-shippers of class 𝑐 in iterative CA procedure

(continued on next page)
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Table 2 (continued).
Large neighborhood search algorithm

𝑠𝑑1𝑑2 Similarity of depots 𝑑1 and 𝑑2
𝑚𝑑 Quality metric for opening single depot 𝑑
𝛼, 𝛽, 𝛾 Tuning parameters
𝜂 Number of initial solutions in depot-location algorithm
𝜅 Iteration limit of depot-location algorithm
𝛺 Current solution (i.e., set of depots) in the depot-location algorithm
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