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Abstract

Crowdshipping is a collaborative delivery system that outsources delivery tasks to ordinary
citizens that act as non-professional couriers, with the potential to reduce delivery costs and
improve sustainability. The crowdshippers deliver shipments by taking a short detour from their
planned trips in return for a compensation fee. The dynamic assignment of crowdshippers to
parcels over time is challenging as the arrival of crowdshippers and parcels is stochastic and their
availability is dynamically revealed and as present assignments affect future ones. Peer-to-peer
crowdshipping, which encompasses all types of crowdshipper journeys and parcel deliveries, with
no restrictions on origin or destination to specific locations, is subject to a high level of un-
certainty. This work presents an approximate dynamic programming approach based on value
function approximation for the dynamic assignment problem of peer-to-peer crowdshipping plat-
forms. The approach is based on the offline adaptive approximation of parcel values and provides
non-myopic behavior while only solving a sequence of assignment problems no larger than in a
myopic approach. Through numerical results, we demonstrate our methodology’s effectiveness
as, compared to a myopic benchmark, it increases the cost savings achieved via crowdshipping
and reduces crowdshipper detours. Our analysis highlights the parameters affecting the relevance

of implementing a non-myopic assignment method.
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1. Introduction

E-commerce accounted for 19.4% of global retail sales in 2023, rising from 7.4% in 2015 and
expected to reach 22.6% by 2027 (Statista, 2024a). Concurrently, sharing economy services have
exploded in popularity over recent years, with many expecting this trend to continue. The total
value of the global sharing economy is predicted to increase from 150 billion USD in 2023 to 794
billion USD by 2031 (Statista, 2024b).

*Corresponding author.
Email addresses: emma.innocente@uclouvain.be (Emma Innocente),
jean-sebastien.tancrez@uclouvain.be (Jean-Sébastien Tancrez)



In recent years, crowdshipping has garnered attention as a potentially cost-effective and
sustainable alternative to traditional delivery (Mohri et al., 2023). Crowdshipping is a collabo-
rative delivery system that falls within the sharing economy trend in that deliveries are carried
out by using existing resources, namely vehicle capacity and drivers from the crowd, i.e., non-
professionals. Private drivers execute deliveries using a personal vehicle on an upcoming planned
trip (Archetti et al., 2016). To this end, these so-called crowdshippers detour from their direct
route, within certain bounds, to pick up a parcel and deliver it to its destination (Behrend &
Meisel, 2018). Crowdshippers receive a fee that compensates their detour. By exploiting excess
capacity in existing personal transport for the delivery of freight, crowdshipping is inclined to
reduce the number of dedicated freight delivery trucks, reducing delivery costs and supporting
sustainability (Pourrahmani & Jaller, 2021). However, systematic and comprehensive analyses
of this approach remain limited.

Among the various implementations of crowdshipping, the model involving in-store customers
is the most extensively examined in the literature. This approach — adopted notably by Walmart
(Dayarian & Savelsbergh, 2020) — relies on in-store shoppers to deliver online orders on their
way home from the store within few hours. This work focuses on peer-to-peer crowdshipping
(Buldeo Rai et al., 2018). It encompasses all types of crowdshipper journeys — whether regular
commutes (such as home-to-work trips) or occasional ones (leisure or business travel) — and
parcel deliveries, with no restrictions on origin or destination to specific locations like stores or
homes. Peer-to-peer crowdshipping is therefore particularly well-suited for the delivery of parcels
with sellers, buyers and crowdshippers geographically dispersed, such as in consumer-to-consumer
(C2C) platforms like Vinted, Leboncoin or Facebook Marketplace. It is also well-adapted for non-
conventional parcels (e.g., bulky items), which are difficult and costly to ship via more traditional
delivery. The French crowdshipping company Cocolis (www.cocolis.fr) or the American company
StowAway (www.stowawayapp.com) adopt this model.

The successful implementation of crowdshipping heavily depends on its operational efficiency,
with the assignment of crowdshippers to parcels at its core (Le et al., 2019). Crowdshippers need
to be assigned to parcels over time. Yet, both crowdshippers and parcels introduce uncertainty.
Crowdshippers decide when to be available and declare their availability little to no time in ad-
vance, making it difficult to accurately predict their participation, while parcel arrivals further
add to the uncertainty. Solving the dynamic assignment problem in a crowdshipping environ-
ment becomes challenging as the arrival of crowdshippers and parcels is stochastic and their
availability is dynamically revealed (Savelsbergh & Van Woensel, 2016). The future availabil-
ity of crowdshippers and parcels being uncertain, it implies that assigning a crowdshipper to a
parcel immediately may lead to missing a better-suited crowdshipper becoming available later.
As a result, current assignment decisions influence future ones. Few researches have made an
attempt to address the dynamic and stochastic aspects of crowdshipping in their modeling and
operational decision-making (Mousavi et al., 2024). Peer-to-peer crowdshipping is particularly
subject to uncertainty, as parcels and crowdshippers originate from different, unknown locations,
adding spatial uncertainty to the temporal uncertainty.

This paper focuses on solving the crowdshipper-to-parcel dynamic assignment problem for

a peer-to-peer crowdshipping platform, with crowdshippers and parcels arriving stochastically



and their availability dynamically revealed. We propose an approximate dynamic programming
(ADP) approach based on value function approximation (VFA; see Spivey & Powell, 2004) to
assign crowdshippers to parcels over time while considering the uncertainty in the future avail-
ability of crowdshippers and parcels. This approach provides non-myopic behavior by considering
whether to postpone parcel assignments in anticipation of better-suited crowdshippers becom-
ing available later. Yet, it only requires solving a sequence of assignment problems no larger
than would be required with a myopic approach. An adaptive dynamic programming algorithm
is designed to adaptively approximate parcel values offline, capturing the value of postponing
parcel assignments. Using numerical experiments, we demonstrate the effectiveness of our ADP
methodology relative to a myopic approach, which makes decisions based solely on available
information. Our approach succeeds in increasing the cost savings achieved via crowdshipping
and reducing crowdshipper detours. Moreover, those experiments highlight the parameters in-
fluencing the relevance of implementing a non-myopic assignment method.

The remainder of this paper is structured as follows. In Section 2, we review the relevant
literature on the crowdshipper-to-parcel (dynamic) assignment problem. We present the problem
setting in Section 3. Our approximate dynamic programming approach is described in Section
4. In Section 5, we discuss the computational experiments. An extension to our methodology
to account for advance information on crowdshipper availability is presented in Section 6. We

conclude and discuss potential future research in Section 7.

2. Literature review

Crowdshipping is receiving more and more interest in both practice and academia. Mohri
et al. (2023) and Savelsbergh and Ulmer (2024) provide a general overview of the applications
of operations research to crowdshipping. Given the scope of our paper, the literature review
focuses on optimization approaches addressing the crowdshipper-to-parcel assignment problem.
We briefly cover deterministic models and then focus on dynamic and stochastic approaches.

Before that, it is worth noting that same-day, on-demand, and meal delivery problems are an
additional source of literature, see Mousavi et al. (2024) for relevant articles. On-demand delivery
is a special case of same-day delivery, where orders are delivered within few minutes to hours.
Meal delivery is a special case of on-demand delivery, where customers are delivered from a list of
restaurants, typically by part-time workers. Most of this literature focuses on either companies’
own professional fleet or part-time workers who declare their availability within predefined time
blocks, which mostly maintains full control over operations. It differs from crowdshipping where
crowdshippers are neither employed by the company, limiting its control over their participation,
nor do they commit to specific time blocks, leading to highly uncertain arrivals. Therefore, the
methodologies developed in the aforementioned literature are not directly applicable to our work.

The studies cited hereafter address the assignment of crowdshippers to parcels using deter-
ministic models, assuming that all crowdshippers and parcels are known when making decisions.
Archetti et al. (2016) are the first to study the vehicle routing problem with crowdshippers. Their
work has been further extended in various directions, including the integration of time windows
(e.g., Macrina et al., 2020); allowing multiple deliveries per crowdshipper (e.g., Macrina et al.,

2017); enabling transshipment between the professional fleet and crowdshippers (e.g., Yu et al.,



2022); modeling pickup and delivery operations (e.g., Dahle et al., 2019); and incorporating
transshipment between crowdshippers (e.g., Pugliese et al., 2021), among others. To handle the
dynamic and stochastic arrival of crowdshippers and parcels within a deterministic framework,
online approaches start with re-optimizing the deterministic problem whenever new information
becomes available (e.g., Arslan et al., 2019; Dayarian & Pazour, 2022), when a certain amount
of time has elapsed (e.g., Tao et al., 2023), or both (e.g., Archetti et al., 2021), adjusting the
solution in real-time.

To address the dynamic and stochastic arrival of crowdshippers and parcels, the subsequent
approaches incorporate stochastic information on the arrival of either crowdshippers or parcels.
Behrend et al. (2021) study the multi-period item-sharing and crowdshipping problem. They
employ a scenario-based planning approach considering stochastic information on the arrival
of parcels while crowdshippers are announced sufficiently in advance. Yildiz (2021b) addresses
the parcel routing problem with registered crowdshippers. The author applies a Monte Carlo
procedure that incorporates anticipated future stochastic information on the arrival of parcels,
while crowdshippers register in advance. Dahle et al. (2017) study the stochastic vehicle routing
problem with in-store customers acting as crowdshippers. They formulate the problem as a
two-stage stochastic problem, considering stochastic information on the arrival of crowdshippers
while parcels are known in advance. Skalnes et al. (2020) develop a multi-stage version of the
problem.

The approaches discussed below incorporate stochastic information on the arrival of both
crowdshippers and parcels. Yildiz (2021a) solves the express parcel routing problem with crowd-
shippers using a dynamic programming approach under simplifying assumptions, as well as
Monte-Carlo simulations to address these assumptions. Their approach is constrained by the
inherent limitations in the applicability of dynamic programming. Silva et al. (2023) imple-
ment deep reinforcement learning for crowdshipping last-mile delivery. In their problem, the
authors assume that all parcels originate from a single depot and must be delivered either by
the company’s own fleet through routing or by assigning them to crowdshippers as they become
available. Dayarian and Savelsbergh (2020) introduce a dynamic and stochastic routing problem,
with in-store customers as crowdshippers. The problem is solved using sample scenario planning.
De Maio et al. (2024) solve their dynamic and stochastic pickup-and-delivery problem with in-
store customers as crowdshippers by adapting a real-time insertion method enhanced with a cost
function approximation. Mousavi et al. (2024) formulate a dynamic pickup-and-delivery problem
with in-store customers as crowdshippers. The solution methodology they develop results in up
to 25.2% savings in operational cost and 9.8% increase in served orders compared to a myopic
approach. Their work relates to ours as it is the only one proposing an approximate dynamic
programming approach using value function approximation for the assignment of crowdshippers
to parcels. However, they focus on crowdshipping with in-store customers (single origin shared
by crowdshippers and parcels). Furthermore, they adopt a forward-pass ADP algorithm initially
developed for large-scale fleet management problems (e.g., Siméao et al., 2009; Al-Kanj et al.,
2020), while we develop a backward adaptive dynamic programming algorithm tailored to the
particular characteristics of our problem (see Section 4 for further detail on the algorithm). Da-
yarian and Savelsbergh (2020), De Maio et al. (2024) and Mousavi et al. (2024) all consider a



single location for parcel pickup and crowdshipper origin (e.g., a store). In their setting, solely
the destination of crowdshippers and parcels is uncertain as the origin, the store, is known and
identical for both. In addition, the risk of missed assignments is reduced due to the proximity
of the store to parcel and crowdshipper destinations. In contrast, our research focuses on peer-
to-peer crowdshipping, which is subject to high uncertainty due to parcels and crowdshippers
originating from different, unknown, locations. This results in stochastically appearing origins
and destinations for both parcels and crowdshippers.

The main contributions of our paper are as follows:

e We are the first to study the dynamic assignment problem in the context of a peer-to-peer
crowdshipping platform with multiple possible parcel and crowdshipper origins, considering

the uncertainty in the future availability of crowdshippers and parcels.

e We develop an approximate dynamic programming (ADP) approach using value function
approximation (VFA) to overcome the challenge of decision-making over time and under
uncertainty. The characteristics of the dynamic assignment problem under study require

adapting the ADP algorithm to address its specific characteristics.

e By running a set of computational experiments, we demonstrate the effectiveness of our
ADP approach and reveal the different parameters affecting the relevance of implementing

a non-myopic assignment method.

3. Problem formulation

This section describes the crowdshipper-to-parcel dynamic assignment problem under study.
We start by presenting the problem setting. Then, we formally describe the dynamic assignment
problem through five components (as done by e.g., Powell, 2019; Mousavi et al., 2024): the
exogenous information, the state and decision variables as well as the transition and objective

functions. Table 1 summarizes the notations of the problem.

3.1. Problem setting

The peer-to-peer crowdshipping platform determines the assignment of crowdshippers to
parcels over time. In this dynamic assignment setting, decisions are made sequentially in a sys-
tem where crowdshipper and parcel arrivals are stochastic and their availability is dynamically
revealed to the platform. The time horizon is modeled as a discrete set of decision times (hence-
forth also referred to as times), ¢t € 7. The platform operates over a geographic area discretized
into a set of zones, D. Parcels and crowdshippers may originate from and be destined to any
zone, with no restrictions to specific locations such as stores or homes.

Parcels, referred to as | € L, are characterized by three attributes: their origin, o; € D, their
destination, d; € D, and the first time they are available for assignment, 6; € 7. Parcels have
an assignment window spanning several decision times: parcels can be assigned at time 6; or
at any of the following  times, with the latest possible assignment at time 6; + §. As such,
assignment is possible over a window of § + 1 decision times. Distinct parcels that share the

same attributes, meaning the same origin o;, destination d; and first time they are available for



Notation Description

L Set of parcels, [ € L

R Set of crowdshippers, r € R

T Set of decision times, t € T

D Set of zones, o, 0;,d,,d; € D

0, First decision time when parcel [ is available for assignment, ; € T

0, Decision time when crowdshipper r is available for assignment, 6, € T

0+1 Length of the assignment window for parcels (in decision times)

cf;:;f”o[ dy Cost savings achieved when assigning a crowdshipper with origin o, and destina-

tion d, to a parcel with origin o; and destination d;, while the parcel has already
been available for assignment for 6, — 6; € {0,1,...,d} decision times

LY Set of parcels first available for assignment at decision time ¢

RY Set of crowdshippers first available for assignment at decision time ¢

L¥ Set of parcels assigned at decision time ¢

Lt Set of parcels available for assignment at decision time ¢, L = LA, — L, —
LY s+ L7

R Set of crowdshippers available for assignment at decision time ¢, R} = R)

Table 1: Notations for the problem formulation.

assignment 6;, are treated as a single parcel as they would be grouped together and delivered
by the same crowdshipper. Not all parcels need to be assigned if no crowdshipper is found for
whom crowdshipping is cost-effective. We assume that a parcel not assigned by the end of its
assignment window is transferred to the alternative delivery system.

Crowdshippers, referred to as r € R, are characterized by three attributes: their origin,
o € D, their destination, d, € D, and the time they are available for assignment, 6, € 7.
Crowdshippers are, by nature, available for assignment at only one decision time. A new set of
crowdshippers is therefore considered at each time. By default, we assume that crowdshippers
disclose their availability no time in advance, i.e., between times 6, — 1 and 6,.. However, we
also investigate the possibility of them announcing it further in advance (see Section 6). Distinct
crowdshippers may share the same origin o,., destination d,., and be available for assignment at the
same time 6,.. In our problem setting, crowdshippers cannot deliver multiple parcels with different
origins and destinations. This assumption is reasonable since crowdshippers make a detour on a
planned trip and may not be interested in making several stops at different pickup and delivery
locations. A crowdshipper may remain unassigned and not be utilized for crowdshipping if no
suitable parcel is available.

The objective of our dynamic assignment problem is to assign crowdshippers to parcels over
time, maximizing the cost savings achieved via crowdshipping relative to an alternative delivery.
This objective is chosen as it is well-suited for guiding assignment decisions: crowdshipping is
chosen only when it offers a cost advantage over the alternative delivery. While we adopt this
particular objective function, others could be considered without altering the overall methodol-
ogy. Only the nature of the objective would change, reflecting different operational goals such

as maximizing the number of parcels delivered or minimizing crowdshipper detours.



3.2. Ezxogenous information

Crowdshipper and parcel arrivals in the system are stochastic (e.g., following a Poisson pro-
cess) and their availability is dynamically revealed. The crowdshipper and parcel arrival processes
are independent of each other. New crowdshippers arriving in the system between times ¢ — 1
and ¢ are described by the set of crowdshippers first available for assignment at time ¢, denoted
RY. New parcels arriving in the system between times ¢ — 1 and t are described by the set of

parcels first available for assignment at time ¢, noted LY.

3.3. State variables

The state of the system at time ¢ is characterized by the two sets, Rf and L{, respectively the
set of crowdshippers and parcels available for assignment at time ¢. Crowdshippers are available
for assignment at only one decision time (at time 6,.). Parcels are available for assignment from
the first time they are available for assignment (6;) until the end of their assignment window (at

time 6; + J), and as long as they remain unassigned.

3.4. Decision variables

At each time t, decisions involve determining the assignment of crowdshippers available for
assignment (R{') to parcels available for assignment (L{'). The decisions are represented by

binary variables as follows.

1 if crowdshipper 7 is assigned to parcel [ at decision time ¢

0 otherwise

Variables xfﬂ must satisfy the following set of constraints, that define the feasible region of the
problem, denoted X' (R, L). The constraints are written using generic sets R and L, later specified

at different stages of the article.

dal <1 VieL (1)
reR

in’lgl VreR (2)
leL

0,-2, <60, VreR, lelL (3)
Hr-:vf,’lgﬁl—i—(s VreR, lcL (4)
z,,€{0,1} VreR, leL (5)

Constraints (1) stipulate that a parcel must be assigned to at most one crowdshipper and con-
straints (2) that a crowdshipper cannot be assigned to more than one parcel. Constraints (3) and
(4) guarantee that a crowdshipper is only assigned to a parcel if the crowdshipper is available for
assignment at some time in the parcel’s assignment window. Constraints (5) ensure the binary

nature of the variables.

3.5. Objective function

The overall objective of our problem is to find the optimal assignment of crowdshippers to

parcels over the time horizon 7 so as to maximize the total cost savings achieved via crowdship-



ping relative to an alternative delivery. This amounts to maximizing the sum of the cost savings
over all decision times ¢t € 7. The cost savings over one decision time ¢ are given in the following

objective function.

0,—06
Z Z Ord'r:loldl T‘,l (6)

T'GRA ZGLA

where cz d9zo d denotes the cost savings achieved when assigning a crowdshipper with origin o,

and destination d,. to a parcel with origin o; and destination d;, while the parcel has already been
available for assignment for 6, — #; decision times. The number of decision times for which the
parcel has already been available for assignment (i.e., the parcel’s delivery time) is computed as
the difference between the time the crowdshipper is available for assignment (6,) and the first
time the parcel is available for assignment (6;). The cost savings achieved via crowdshipping are
defined as the difference between the cost of the alternative delivery and that of crowdshipped
delivery (see Subsection 5.1 for a detailed formula). Crowdshipping is chosen only when it offers

a cost advantage over the alternative delivery.

3.6. Transition functions

The state of the system is updated immediately before decision times according to the fol-
lowing transition functions. The set of parcels available for assignment at time ¢ (L) is updated
as follows.

L=L} L — L) 5, + L} (7)

At time ¢, the set of parcels available for assignment consists of those that remain unassigned
at time ¢ — 1 (Lf_l — LX), excluding parcels whose assignment window closes after time ¢ — 1.
Those parcels arrived in the system between times ¢ —§ —2 and ¢t —§ — 1 (LY 5 ;). The new
parcels that arrive in the system between times t — 1 and t are included (LY).

The decisions made at time t are represented in the set LtX, defined as the set of parcels

assigned at time ¢, as follows.
LY ={l|al,;=1,1€L} reRrf} (8)

where the variables 95 ; lie within the feasible region X (R{, L{) and are chosen to solve objective
function (6).

The set of crowdshippers available for assignment at time ¢ (R{') is updated as follows.
R = R} (9)

A new set of crowdshippers is considered at every decision time. All crowdshippers available for
assignment at time ¢ — 1 leave the system by time ¢, being assigned to a parcel or not. Figure
1 summarizes the sequential evolution of the system between decision times ¢ — 1 and ¢: new
crowdshippers and parcels (RY and LY) arrive in the system between times ¢ — 1 and ¢, the state
of the system (L{* and R{') is updated immediately before time ¢, and assignment decisions (L;¥)

are made at time ¢.



state (L' and R{') update
using (7) and (9)

crowdshipper and parcel arrivals
(RY and L?)

A

I > time horizon T
t

[assigned parcels (L )]

update using (8)

Figure 1: Sequential evolution of the system between decision times ¢ — 1 and t¢.

Notation Description

Boyd, Number of occurrences of parcels with origin o; and destination d; through the
simulation of parcel arrivals

a Smoothing factor

¥ Number of decision times the algorithm steps back in time to compute parcel

value estimates
Dgyy 4 Parcel value estimate of a parcel with origin o; and destination d;, that has already
been available for assignment for n decision times, obtained at decision time ¢t

(with n expressed according to context)

Uy d, Smoothed parcel value estimate of a parcel with origin 0; and destination d;, that
has already been available for assignment for n decision times (with n expressed
according to context)

LY Set of parcels first available for assignment between decision times t — § and ¢

Ly Set of parcels first available for assignment between decision times t — ¢ and ¢+,
that are not assigned before decision time ¢

Rts Set of crowdshippers first available for assignment between decision times ¢ and
t+y

Table 2: Notations for the solution methodology.

4. Solution methodology

We solve the dynamic assignment problem defined in Section 3 with an approximate dynamic
programming (ADP) approach based on value function approximation (VFA), inspired by Spivey
and Powell (2004). This approach is well-suited for problems where sequential decisions must
be made over time in an uncertain system, and where decisions may affect future options and
rewards. It allows efficient handling of large and uncertain state spaces (Powell, 2007). The

notations used to describe the solution methodology are summarized in Table 2.

4.1. ADP approach

In this dynamic assignment setting, decisions are made sequentially while crowdshipper and
parcel arrivals are stochastic and their availability is dynamically revealed. If objective function
(6) were solved at each decision time ¢, decision-making would be myopic as it would neglect

the uncertainty in the future availability of crowdshippers and parcels. In particular, assigning a



crowdshipper to a parcel immediately may lead to missing a better-suited crowdshipper becoming

available later. We address this by subtracting an estimate of the parcel’s expected value at the
(6, —0))+1
oyd; l

0, —6,
ordy,o1d;’

next decision time, denoted v , from the immediate cost savings achieved when assigning

the parcel at the current time c as follows.

0,-—0, —(97“_91)"!‘1 t
max Z Z (Cordr@zdz ~ Vo “Tri (10)

reR{ leL

The smoothed parcel value estimate Egi):ll_el)H

assigning a parcel with origin o; and destination d; after one additional decision time, i.e., when it

approximates the cost savings achieved when

has already been available for assignment for (6, —6;) 4+ 1 times, before the end of its assignment
window. It represents the value of keeping the parcel available for assignment at the next

time, capturing the likelihood that a more efficient crowdshipper may become available. At the

—(6,—0,)+1

last decision time of the parcel’s assignment window, © oudy = 0 since the parcel exits the

system. The assignment of a parcel [ will be postponed if all potential crowdshippers r € R{‘

- _(6-—07)+1 .
g:dflol dy than the expected future ones v(()l d D+ , that is, if

0r—6; —(0r—0;)+1
ordr,ord; — Voyd ) >0

yield lower immediate cost savings c

( 91‘—9[ _—(e'r*el)ﬁ’l

ondsord; — Vondy ) <0, or if the potential crowdshippers for whom (¢

are more suitable for other parcels. In such cases, :nfdyl =0V rc R} and the parcel assignment
is postponed in anticipation of a better-suited crowdshipper becoming available later.

The dynamic assignment problem defined in Section 3 is therefore solved sequentially at each
time ¢ with ADP objective function (10) replacing the myopic one (6). It is solved in real time
using a commercial solver, which ensures very fast computation. In contrast, computing the
smoothed parcel value estimates @ff;l_el)ﬂ

consuming, but this computation is carried out only once in advance, offline. These estimates

required for objective function (10) is more time-

guide the assignment decisions and constitute the key element that differentiates our approach
from a myopic one, as they allow to take the uncertainty in the future availability of crowdshippers

and parcels into account. The adaptive dynamic programming algorithm used to compute the

7(97791)%*1

smoothed parcel value estimates v ondy is presented in the next subsection.

4.2. Adaptive dynamic programming algorithm

Because parcel and crowdshipper arrivals are stochastic, parcel value estimates O g, ¢ TSt
be computed under various state conditions and then smoothed to yield more robust estimates.
To explore a wide range of state conditions, the adaptive dynamic programming algorithm sim-
ulates the system forward in time, generating parcel and crowdshipper arrivals and solving the
corresponding assignment problems.

At each decision time, the adaptive dynamic programming algorithm performs a backward

n

oy, At retrospective time s. The computation of

step to compute the parcel value estimates v

n

oydy s leverages not only the information available at retrospective

the parcel value estimates o

n

time s, but also the future information revealed thereafter. The parcel value estimates @Ol dy.s

therefore reflect the future availability of parcels and crowdshippers and the downstream impact
of assignment decisions.

An assignment problem is solved once with the parcel included and once with it excluded;

n

the difference between the two optimal objective values provides the parcel value estimate ¢ vy 5

10



Algorithm 1 Adaptive dynamic programming algorithm

1: \\Initialization

2: Initializing LY, RO, LX L{ Vt=0,1,...,y+6—1
3 t=740

4: \\Stopping criterion

5: while |o;,dj € DX D : 4,4, > b| < [a-|D x D|] do
6: \\Simulating crowdshipper and parcel arrivals
7. RY < new crowdshippers r, with o,,d,, 0, =t

8: LY < new parcels [, with o;,d;, 0, =t

9: ﬂoldl — ﬂoldl +1 Vie Lg
10: \\Updating system state
11 L« Ld -0, -0 5  + 1Y
122 R{+ RY
13: \\Solving the assignment problem
14:  al; « Solve (10) over feasible region X (R, L)
15:  L¥«{l]al, =1, 1€ L} reR}}
16: \\Backward step
17: s=t—7
18: \\State condition formulation

190  RY « Wecics BY
20: L3+ Wsscics LY — Wy scics L¥
21: \\Computing parcel value estimates
22: LY « Wy s<ics L)
23:  CO(R?,L?) + max > oreRs 2leLs ci:;ﬁ’oldl . xﬁ’"l over feasible region X' (RS, L?)
24:  forle LY do
25: if [ € LY then
26: C(RS,L% —{l}) + max ZreRf ZleLf—{l} CZ:(;,?,ZOLd, a:f”l over feasible region X(RSS, Lf —{i}H
2r: O’ = C(RS,LE) = C(RE, LS = {1})
28: else if [ ¢ LY then
29: C(RS, L5 4+ {1}) + max D oreRS 2oleLS+{1) cg:;ﬁ’mdl xfT over feasible region X(RY, LY +{I})
30: 85 = C(RS, L +{1}) - O(RS, L)
31: end if
32: \\Smoothing parcel value estimates
33: o a0+ (L= a) T
34:  end for

35: t+—t+1
36: end while

The value of a parcel thus corresponds to its marginal contribution to the assignment problem.

n

ovdy,s 111 this manner ensures that they reflect not only the

Computing parcel value estimates ©
possibility that a better-suited crowdshipper (e.g., one with a shorter detour) may appear in the
future, but also whether such a crowdshipper is actually available for the parcel and not more
suitable for another parcel. This approach explicitly captures the interdependencies between
parcels.

Algorithm 1 details the adaptive dynamic programming algorithm, whose steps are outlined

below.

Initialization (lines 1-3) The algorithm starts by initializing the sets LY, R, L;X and Lf
to the empty set for times 0 to v+ — 1. The computation of parcel value estimates begins
at time ~y+ 9, since the algorithm requires information extending up to v+ ¢ decision times

into the past.
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Stopping criterion (lines 4-5) The algorithm computes the parcel value estimates until at
least b parcels with origin 0; and destination d; have been observed, for a proportion a of

all possible origin o; destination d; pairs.

Simulating crowdshipper and parcel arrivals (lines 6-9) The algorithm simulates the
arrival of crowdshippers (RY) and parcels (LY) and updates the counter of occurrences of

parcels with origin o; and destination d; (8o,q,)-

Updating system state (lines 10-12) The algorithm updates the state of the system (L

and R;{') according to transition functions (7) and (9).

Solving the assignment problem (lines 13-15) Objective function (10) is solved over the
feasible region X' (R{}, L{') using the latest smoothed parcel value estimates Eg‘lgél_el)ﬂ avail-

able. The set of parcels assigned at time t (L;*) is updated according to equation (8).

Backward step (lines 16-17) The algorithm performs a backward step of v decision times,

n

oydy s A€ derived from

returning to retrospective time s = ¢t — . Parcel value estimates o

the information available at retrospective time s, together with the future information

n

revealed over the subsequent v times up to time ¢. This allows parcel value estimates © ovdy.s

to reflect the future availability of crowdshippers and parcels as well as the downstream
impact of assignment decisions. Since parcels can only be assigned over a fixed window
and leave the system once that window closes, their influence on decision-making is mostly
confined to those decision times. Therefore, looking further back and considering more
future information than the length of the assignment window yields little added benefit.

By default, we thus suppose v = d + 1, though other values for v could be used.

State condition formulation (lines 18-20) To compute parcel value estimates Vg dy 50 the
sets Lf and Rf are considered. They include the parcels and crowdshippers available for
assignment at retrospective time s, together with those that will enter the system up to
time t. Lf is characterized by the parcels first available for assignment at times s—¢ <1 <t

and not assigned before time s (1ine 20).

Computing parcel value estimates (lines 21-31) Parcel value estimates @jl_dlels are com-
puted for the origin o; destination d; pairs of parcels in LY — meaning parcels whose

assignment window allows assignment at retrospective time s (line 22) — and, for each
parcel, for the number of decision times for which it has already been available for assign-

ment at retrospective time s, namely s — ;. Parcel value estimates ps 0 correspond to

oydy,s
the difference between the optimal objective values of two assignment plr(l)blems, one with
the parcel included and the other with it excluded. Concretely, a first assignment problem
is solved using the information available at retrospective time s, together with the future
information revealed up to time ¢ (LY and RS, 1ine 23). C(RY, LY) represents the optimal

objective value of this first assignment problem. Then, two cases may arise.

Case 1 (line 25): If parcel [ is available for assignment at retrospective time s (I € LSS),
a second assignment problem, identical to the first but excluding parcel [, is solved (1ine
26). The corresponding optimal objective value is denoted C(RS, LS — {i}). The parcel

12



0,

value estimate {)zz_dz . is obtained as the difference between the optimal objective values of

the assignment problem solved with and without the parcel (1ine 27).

Case 2 (line 28): If parcel [ is not available for assignment at retrospective time s
(I ¢ L?), a second assignment problem, identical to the first but including parcel I, is
solved (1ine 29). The corresponding optimal objective value is denoted C(RS, LY + {i}).

s—0;

oydys 18 obtained as the difference between the optimal objective

The parcel value estimate

values of the assignment problem solved with and without the parcel (1ine 30).

Smoothing parcel value estimates (lines 32-36) The parcel value estimate f)z;i?ls is smoothed
with the ones obtained previously, with the smoothing factor a. The algorithm then moves

forward in time.

Inspired by Spivey and Powell (2004), our methodology tailors the adaptive dynamic pro-
gramming algorithm (Algorithm 1) to the specific characteristics of the crowdshipper-to-parcel
dynamic assignment problem under study. The differences introduced by this adaptation consti-
tute our main methodological contributions. Firstly, a key feature of our method is the explicit
integration of parcel assignment windows, which restrict parcel availability to specific decision
times. As a result, parcel value estimates are computed only over the span of the assignment
window rather than across the remainder of the operational horizon as in most ADP approaches
(e.g., Yang & Strauss, 2017; Van Heeswijk et al., 2019; Rivera & Mes, 2022). Secondly, the value
of parcels is assumed to be independent of the time within the operational horizon; the decisive
factors of their value are only their origin o;, destination d;, and the number of decision times for
which they have already been available for assignment 6, — ¢;. Parcel value estimates are thus
estimated through a single simulation of parcel and crowdshipper arrivals through time, rather
than requiring repeated simulations of the entire operational horizon as in most ADP methods
(e.g., Powell, 2007; Powell & Topaloglu, 2014; Mes & Rivera, 2017), whose value estimations are

time-sensitive.

5. Computational experiments

In this section, we present the results of our computational experiments to assess the effec-

tiveness of the proposed ADP approach and how various parameters affect it.

5.1. Experimental setting

Before presenting the results, the experimental setting is described. Fictitious dynamic as-
signment problems are generated based on real-world data from two Belgian organizations. Bel-
gium is chosen as the study area as its size (approximately 280 km x 230 km) provides a
reasonable scale for peer-to-peer crowdshipping. The data is structured at the NUTS-3 level,
with Belgium comprising 44 NUTS-3 regions (|D| = 44) that serve as origin (o; and o,) and
destination (d; and d,.) zones for parcels and crowdshippers. Euclidean distances computed be-
tween zone centroids are employed. Assignment decisions are made at the beginning of each
day (hereafter decision times are referred to as days for readability), since the available data are

reported on a daily basis.
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The spatial distribution of daily parcel arrivals is informed by a dataset provided by the
postal service company bpost (www.bpost.be), giving the average number of parcels they deliver
per day for all 44 x 44 pairs between two NUTS-3 regions. Among those, we only keep the
pairs with a daily volume higher than 0.1% of the total daily volume over all pairs, leading to
136 effective origin o; destination d; pairs. The daily parcel arrivals are modeled for each pair
as a Poisson process with a rate proportional to the daily volume of that pair observed in the
bpost dataset, and so that the total daily volume across all pairs equals A. The parameter A
represents the expected total number of parcels arriving per day over all origin o; destination d;
pairs. It will take the following values in our experiments: A = 5, 10, 20 and 40 parcels/day.
Three assignment window lengths for parcels are analyzed, namely 3, 5 and 7 days, meaning
that parcels can be assigned on the first day or on the next § =2, 4 and 6 days.

A similar reasoning is employed to generate the daily crowdshipper arrivals. The spatial
distribution of daily crowdshipper arrivals is informed by a dataset provided by the public agency
Federal Planning Bureau (www.plan.be), giving the average number of person trips per day for
all 44 x 44 pairs between two NUTS-3 regions. Among those, we only keep the pairs with a daily
volume higher than 0.1% of the total daily volume over all pairs, leading to 191 effective origin
o; destination d; pairs. The daily crowdshipper arrivals are modeled for each pair as a Poisson
process with a rate proportional to the daily volume of that pair observed in the Federal Planning
Bureau dataset, and so that the total daily volume across all pairs equals p * A. The parameter
p represents the ratio of the expected total number of crowdshippers relative to the expected
total number of parcels arriving per day. It will take the following values in our experiments:
p = 0.5, 1.0 and 2.0, corresponding respectively to twice fewer, the same number, and twice
more crowdshippers than parcels arriving per day.

The objective of our dynamic assignment problem is to maximize the cost savings achieved via
crowdshipping relative to an alternative delivery (see Subsection 3.5). The cost savings achieved
when assigning a crowdshipper with origin o, and destination d, to a parcel with origin o; and

destination d;, while the parcel has already been available for assignment for 8, — 6; decision

0,—0;

ondy. 01, and are given as follows.

times, are denoted c

Cg:;re,lozdl - (fCA toea - diStoldl) ) (1 + ok (5 - (01“ - 9l))> - (fCC +vee - detOrdmOzdl) (11)
The term (fca +vea - disty,q,) is the cost of the alternative delivery when performed on the last
day of the assignment window, when the parcel has already been available for assignment for §
days. It includes a fixed component, fca, and a variable component, vcy - dist,,q,, proportional
to the delivery distance disty,q,. The term (1 4 p* (6 — (6, — 6;))) reflects the cost increase
required by the alternative delivery to deliver the parcel earlier. 6, — 6; denotes the parcel’s
delivery time, i.e., the number of days between the parcel’s arrival in the system (on day ;) and
its delivery on day 6,.. The cost is increased by u for each day saved relative to the last possible
delivery day, 6 — (6, — 6;). In our computational experiments, we set yu = 5%, so that the term
(L+p*(6— (6, —6;))) is 1 on the last day of the assignment window (when 6, — 6; = §), 1.05
one day earlier, 1.10 two days earlier, etc.

The term (fcc + vee - deto, d, 0,d,) is the cost of crowdshipping as paid to the crowdshipper,

consisting of a fixed compensation per trip, fcc, and a variable compensation, vee - deto, 4, 0,4,

14



proportional to the detour distance det,, 4, o,4,, as done by Mousavi et al. (2024).

To fix the values of the cost parameters in our experiments, we define Ave = Z%‘j and
Afc= fca— feco. Three values are considered for Ave, namely Ave = 2, 3, and 4, which implies
that one kilometer of detour, as paid to the crowdshipper, is between two and four times more
costly than one kilometer of the alternative delivery. Accordingly, we set A fe = {0, 20, 40}-vcy4,
meaning that the crowdshipping fixed compensation is lower by an amount equivalent to the cost
of 0, 20, and 40 kilometers of the alternative delivery.

We employ a full factorial experimental design, in which all combinations of the parameter
values are considered, resulting in 4 -3 -3 -3 -3 = 324 distinct parameter configurations. The
algorithm is implemented in Python, the optimization models are solved using Gurobi, and both
run on a 1.7 GHz computer with 32 GB of RAM. The algorithm parameters are configured
as follows. The smoothing factor « is defined as ﬁzdz’ where 3,4, is the current number of
occurrences of parcels with origin o; and destination d; in the simulation of parcel arrivals (see
line 9 of Algorithm 1). Following George and Powell (2006) and our preliminary tests, this
factor ensures rapid and stable convergence by reducing the weight of new observations over
time. Parcel value estimates are computed until at least b = 10 parcels with origin o; and
destination d; are observed for a = 99% of all origin o; destination d; pairs (see line 5 of
Algorithm 1). Our experiments show that beyond this threshold, the optimal objective value
over the time horizon no longer improves significantly.

For each of the 324 parameter configurations, the adaptive dynamic programming algorithm
(Algorithm 1) is applied to compute the smoothed parcel value estimates 52?21—91)-%1' Then, for
each configuration, 100 dynamic assignment problems over a 100-day time horizon (|7 = 100)
are generated and solved using our ADP approach with the precomputed smoothed parcel value
estimates. To evaluate the effectiveness of our ADP method, the same 100 dynamic assignment
problems (for each parameter configuration) are also solved with a myopic approach, which serves
as a benchmark. This comparison quantifies the benefit of our ADP approach, i.e., of explicitly
accounting for the uncertainty in the future availability of crowdshippers and parcels. In the
myopic approach, decisions rely solely on the information available at the time of assignment,
namely the crowdshippers and parcels available for assignment (R{* and L{'). Each day, ob-
jective function (6), or equivalently objective function (10) with 5{()(?2;91)+1 = 0, is solved over
the feasible region X (R, L{"). The chosen objective function, expressed as a cost comparison
with an alternative delivery, prevents the myopic approach from being overly simplistic. Only
assignments for which crowdshipping is less costly than the alternative delivery are considered,
thereby eliminating poor decisions.

The following metrics are considered to assess and discuss the effectiveness of our ADP

approach. The metrics are computed for each of the 324 parameter configurations.

ADP cost savings increase measures the effectiveness of our ADP method compared to the
myopic approach. For each of the 100 dynamic assignment problems, we compute the
relative difference between the optimal objective value over the time horizon obtained with
ADP and that obtained with the myopic approach, normalized by the latter. ADP cost
savings increase is then obtained as the average of the normalized relative differences

across the 100 dynamic assignment problems.
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ADP detour reduction, comparing our ADP approach to the myopic one, denotes the reduction
in the average detour. It is computed analogously to ADP cost savings increase, but

using the average detour per parcel assigned.

ADP postponement increase, comparing our ADP approach to the myopic one, denotes the
increase in parcel assignment postponement. It is computed analogously to ADP cost
savings increase, but using the average number of days a parcel assignment is postponed

behind its first day of availability for assignment.

Nb. pot. crowdshippers represents the average number of potential crowdshippers to whom

a parcel can be assigned over its assignment window, i.e., for whom crowdshipping yields

0,—0,

ondyoydy > 0). This average is computed across all parcels within

positive cost savings (c

each dynamic assignment problem, and then averaged across the 100 dynamic assignment

problems.
avg(@gf:ll_el)ﬂ) denotes the average smoothed parcel value estimate Eg(j;l_al)+1, taken over all

parcels assigned across the 100 dynamic assignment problems.

5.2. ADP approach performance

In this section, we analyze the results of our computational experiments and discuss the
performance of our ADP method. Our ADP approach is able to extract value from accounting
for the uncertainty in the future availability of crowdshippers and parcels in all cases, and more
significantly in specific configurations. Our results show that our ADP approach significantly
outperforms the myopic approach, yielding an ADP cost savings increase of 4.1% on average
over the 324 parameter configurations, and up to 20.5%. Out of the 324 parameter configu-
rations, 29.3% (resp. 15.4% and 7.7%) yield an ADP cost savings increase above 5% (resp.
7.5% and 10%). ADP detour reduction reaches 26.4% on average over the 324 parameter con-
figurations, and up to 60.8%. We recall here that the computational cost of solving the dynamic
assignment problem with our ADP approach is equivalent as with the myopic approach. The
only added computational cost comes from the adaptive dynamic programming algorithm that is
run beforehand and once.

Parcel assignments are, on average, postponed by 1.42 days with the ADP approach, com-
pared to 0.98 days with the myopic one. This confirms that the ADP method, through explicitly
accounting for the uncertainty in the future availability of crowdshippers and parcels, effectively
delays parcel assignments in anticipation of better-suited crowdshippers becoming available later.
Such postponement, however, leads to a slight decrease in the number of assigned parcels: on
average, 2.1% fewer parcels are assigned under ADP compared to the myopic approach.

Table 3 highlights the main results, showing the impact of each parameter by reporting the
averages of the metrics across all parameter configurations in which that parameter is fixed at
a given value. The analysis of Table 3 shows that the following parameter variations lead to
higher ADP cost savings increase: a longer assignment window (§), a higher expected total
number of parcels arriving per day (A), a higher crowdshipper-to-parcel arrival ratio (p), a larger
fixed cost of the alternative delivery (Afc = fca — fce), and a lower crowdshipper detour
compensation (Ave = *¢). The increase in ADP cost savings increase is, in most cases,

vea
associated with an increase in ADP detour reduction (except for Awvc).
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ADP ADP ADP Nb. pot.

Parameter Value cost savings  detour  postponement  crowd- avg(ifj;;el)ﬂ)
increase reduction increase shippers
3.2% 21.1% 58.3% 1.3 9.1
0 4 4.1% 26.5% 60.3% 2.3 12.9
5.0% 31.6% 63.6% 3.3 15.6
5 2.7"% 17.8% 25.1% 0.7 7.3
A 10 3.8% 23.3% 41.7% 1.3 10.2
20 4.7% 29.1% 67.8% 2.5 13.8
40 5.2% 35.3% 108.4% 4.7 18.9
0.5 1.9% 16.1% 34.8% 1.0 5.8
P 1 4.0% 25.7% 55.8% 2.0 11.5
2 6.5% 37.4% 91.6% 3.9 20.2
0 1.8% 19.7% 37.9% 1.3 6.4
Afe 20 4.1% 27.4% 57.1% 2.1 12.3
40 6.5% 32.1% 87.3% 3.4 18.8
2 5.7% 25.4% 83.7% 3.2 12.7
Avce 3 3.8% 30.0% 54.5% 2.1 12.5
2.8% 23.7% 44.0% 1.5 12.4
Table 3: ADP cost savings increase, ADP detour reduction, ADP postponement increase, Nb. pot.
crowdshippers and avg(igf;l_el)ﬂ) with respect to the length of the assignment window (4), the expected total

number of parcels arriving per day (A), the crowdshipper-to-parcel arrival ratio (p), the difference in fixed (A fc)
and variable (Avc) costs between the alternative delivery and crowdshipping.

To justify the effect of those parameter variations, a common underlying explanation emerges.
For those five variations, the number of potential crowdshippers to whom a parcel can be as-
signed increases (Nb. pot. crowdshippers, see Table 3). Nb. pot. crowdshippers in-
creases with a longer delivery window (J), since parcels are available for assignment for more
decision times. It also increases with a higher expected total number of parcels arriving per

day (A), as this raises network density and, consequently, the number of crowdshipper-to-parcel
0,—06

ordr,loldl
number of crowdshippers relative to parcels arriving per day, thereby increasing Nb. pot.

pairs for which ¢ > 0. A larger crowdshipper-to-parcel arrival ratio (p) increases the
crowdshippers. Finally, Nb. pot. crowdshippers also increases with a higher fixed cost of
the alternative delivery (Afc) and a lower crowdshipper detour compensation (Awvc) as both
make longer detours cost-effective (i.e., still yielding cg:;ﬁgl 4 > 0). Having more potential
crowdshippers per parcel (Nb. pot. crowdshippers) means that there are higher chances of
finding better-suited crowdshippers in the future, and thus more potential benefit and less risk
of postponing parcel assignments (higher ADP cost savings increase). As smoothed parcel

value estimates 62?&Z9l)+1 capture the expected cost savings when postponing parcel assign-
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Figure 2: Impact of the expected total number of parcels arriving per day (A), the crowdshipper-to-parcel arrival
ratio (p) and the length of the assignment window (§) on ADP cost savings increase.

ments, the higher availability of crowdshippers per parcel is reflected in higher smoothed parcel
value estimates (avg(ﬁg?g;91)+l), see Table 3). Higher smoothed parcel value estimates increase
the frequency of postponement of parcel assignments (ADP postponement increase, see Table
3), discouraging premature or inefficient parcel assignments and providing the opportunity to
achieve better crowdshipper-to-parcel assignments. Compared to the myopic approach — that
does not seek to postpone parcel assignments — the difference in performance intensifies, and
ADP cost savings increase grows.

Figure 2 is provided to complement Table 3 by jointly analyzing the impact of the expected
total number of parcels arriving per day (A), the crowdshipper-to-parcel arrival ratio (p), and
the assignment window length (J). Figure 2 also shows an upward trend in ADP cost savings
increase as the expected total number of parcels arriving per day (A), the crowdshipper-to-
parcel arrival ratio (p), and the assignment window length () increase. Furthermore, we observe
that ADP cost savings increase rises more steeply with less parcels arriving per day (A). Even
more strikingly, for the larger problems (p = 2, § = 6), ADP cost savings increase declines
when the expected total number of parcels arriving per day (A) grows from 20 to 40. When
possible assignment options are numerous — Nb. pot. crowdshippers reaches around 10 or
more, e.g., 11.6 on average when A = 40, p = 2, § = 6 — the myopic approach manages to
find good crowdshipper-to-parcel assignments right away, thereby reducing the advantage of the
ADP approach.

These results help identify the parameters that justify the use of a non-myopic assignment
method for the dynamic assignment problem in peer-to-peer crowdshipping. The application of
our ADP approach is particularly warranted when there is sufficient, but not excessive, avail-
ability of potential crowdshippers (Nb. pot. crowdshippers) — i.e., when the length of the
assignment window (d), the crowdshipper-to-parcel arrival ratio (p), and the fixed cost of the

alternative delivery (Afc) are high, when the crowdshipper detour compensation (Avc) is low,
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and when the expected total number of parcels arriving per day (A) is moderate. Averaged over
the more favorable parameter configurations (with 6 >4, A > 20, p > 1, Afec > 20, Ave < 3),

ADP cost savings increase and ADP detour reduction reach 9.8% and 46.4% respectively.

6. Impact of advance information

In the problem setting considered in the core of this work, it is supposed that crowdshippers
declare their availability between times 6, — 1 and 6,, and are available for assignment at time
0., i.e., they declare their availability no time in advance. However, in other cases, platforms
could allow crowdshippers to declare their availability further in advance. In this section, we
explore these cases. The new parameter e represents the number of decision times by which
crowdshipper availability is provided ahead of time. Crowdshippers still declare their availability
between times 6, — 1 and 6,, but are available for assignment at time 6, 4+ €. Consequently, at
each time ¢, information on crowdshippers is known for the next € times. Crowdshippers whose
availability is known but who are not available for assignment yet are included in the assignment
problems solved at each time ¢; however, assignments involving them remain provisional and are
reoptimized at subsequent times until the time they are available for assignment (at time 6, +¢).

Subsection 6.1 reviews the changes that advance information on the availability of crowd-
shippers brings to the dynamic assignment problem, to the ADP approach, and to the adaptive
dynamic programming algorithm. Subsection 6.2 discusses the impact on the effectiveness of our
ADP methodology.

6.1. Methodological changes

In this section, we detail the methodological changes in the case where crowdshippers declare
their availability € decision times in advance. For simplicity of exposition, we suppose that € < §
(even if it is not a necessary assumption). We start by focusing on the problem formulation. In
the following, we only give the components that are modified as compared to Section 3, in their

new form, and keeping the same order as in Section 3.

New crowdshippers arriving in the system between times ¢t — 1 and t are described by the set
RY, the set of crowdshippers declaring their availability between times ¢t — 1 and ¢ (instead

of crowdshippers first available for assignment, see Subsection 3.2).

The set R{ is the set of crowdshippers considered in the assignment problem at time ¢ (instead of
crowdshippers available for assignment, see Subsection 3.3). Crowdshippers are included
in the assignment problem from their arrival in the system until the time they become

available for assignment (at time 6, + €).

The feasible region X' (R, L) accounts for the fact that crowdshippers are available for assignment
at time 60, + € (instead of time 6,., see Subsection 3.4). Constraints (1), (2), and (5) remain

unchanged, while constraints (3) and (4) are given as follows.

Ol-xﬁ’lg(&—{—e) VreR, lelL (3"
(9r+e)-m£7l§01+5 VreR, leclL (4)
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The number of decision times a parcel has already been available for assignment (i.e., the
parcel’s delivery time) is computed as the difference between the time the crowdshipper
is available for assignment (6, + € instead of 6, see Subsection 3.5) and the first time the
parcel is available for assignment (6;). The objective function over one decision time (6) is
therefore given in the following equation (the modification also applies to equation (11) in
Subsection 5.1).

DI IE VP (6)
reR{ leLf

Only the assignments involving crowdshippers who are available for assignment at time ¢ —
that declared their availability between times t — e — 1 and t — € (R)__ instead of R{, see
equation (8) in Subsection 3.6) — are confirmed. The set of parcels assigned at time ¢,

Li¥, thus writes as follows.

—{l|xl_1leLt,reR?_e} (8"

In addition to the new crowdshippers that declare their availability between times ¢t — 1 and ¢
(RY, see equation (9) in Subsection 3.6), the assignment problem at time ¢ also includes
the crowdshippers who were already present at time ¢ — 1 (Rt 1), except for those who
became available for assignment at that time, i.e., those who declared their availability
between times t —e —2 and t —e — 1 (RY___,). The set of crowdshippers considered in the

assignment problem at time ¢, R{‘, thus writes as follows.
A A 0 0 )
R =R\ —R_ 1+ Ry (9)

Now that the modifications to the problem formulation are established, we turn our attention
to the ADP approach (Subsection 4.1). The modified ADP objective function aims to decide
whether to assign currently known crowdshippers to parcels or to postpone parcel assignments
in anticipation of better-suited crowdshippers whose availability is still unknown, and will be

declared at time (¢ + €) + 1 or later. It writes as follows.
(0r+€)—0 _(t+e)—6;+1 t ,
Z Z ( ordr,oldll - Uoldl : ) ' xT,l (10)
reR{ leLy

Subsequently, we look at the components that were changed in the adaptive dynamic pro-

gramming algorithm (Algorithm 1, Subsection 4.2), specifying the lines to be adjusted.

line 12 The set of crowdshippers considered in the assignment problem at time ¢ (R{‘) is com-

puted as in equation (97).

line 14 Objective function (10°) is solved over feasible region X (R, L{) with constraints (3’)
and (47).

line 15 The set of parcels assigned at time t (L;¥) is computed as in equation (8').
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line 19 The set Rf is defined as the crowdshippers whose availability is known at retrospective
time s, i.e., those that declared their availability between times s — € and s, and those that
will arrive in the system until time ¢, meaning those that declare their availability between

times s and t. The set RS is computed as follows.

R« | R

s—e<i<t

lines 23, 26, 29 The optimal objective values C'(R, L) are computed as follows, where the

sets R and L are replaced by the corresponding ones in each line.

C(R, L) + max Z Z LOr+e) =00 6,4

ordy,01d;
reRlel

over feasible region X'(R, L) with constraints (3’) and (4’)

6.2. ADP approach performance

Additional experiments are conducted to assess the impact of advance information regarding
the availability of crowdshippers on the effectiveness of our ADP methodology in comparison
to the myopic approach. The following baseline configuration is defined : § =4, A =20, p =
1, Afc =20 and Avc = 3. From this baseline, each parameter is varied individually to isolate
its effect (no factorial experimental design). Specifically, we vary the assignment window length
(6 = 2, 4, 6), the expected total number of parcels arriving per day (A = 5, 10, 20, 40),
the crowdshipper-to-parcel arrival ratio (p = 0.5, 1, 2), and the difference in fixed (Afc =
0, 20, 40) and variable (Avc = 2, 3, 4) costs between the alternative delivery and crowdshipping.
Parameter € is varied from 0 to J in all parameter configurations. We do not consider values of €
beyond §, since in that case full knowledge of all the crowdshippers over the parcel’s assignment
window is available. This experimental design results in 60 different parameter configurations.

Figures 3 and 4 show how the advance information on the availability of crowdshippers (¢)
affect ADP cost savings increase. The earlier the crowdshippers declare their availability in
advance, the more ADP cost savings increase decreases, until reaching 0% when crowdship-
per availability is known for the entire assignment window (e = §). Declaring availability one
day in advance already leads to a substantial reduction in ADP cost savings increase, with
an average decrease of 51% across all parameter configurations. ADP’s advantage stems from
accounting for the uncertainty in the future availability of crowdshippers and parcels. When in-
formation on future crowdshipper availability becomes available, it reduces the uncertainty and
the ADP method progressively loses its advantage over the myopic approach until both methods

make identical decisions and perform alike.

7. Conclusion

By promising to exploit excess capacity in existing personal transport for the delivery of
freight, crowdshipping has garnered attention in recent years as a potentially cost-effective and
sustainable alternative to traditional delivery (Pourrahmani & Jaller, 2021). However, the suc-

cessful implementation of crowdshipping heavily depends on its operational efficiency, with the
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Figure 3: Impact of the advance information on the Figure 4: Impact of the advance information on the
availability of crowdshippers (€) and the assignment availability of crowdshippers (€) and the crowdshipper-
window length (§) on ADP cost savings increase, to-parcel arrival ratio (p) on ADP cost savings
with baseline configuration (6§ = 4, A = 20, p = increase, with baseline configuration (§ = 4, A =
1, Afc=20, Avc=3). 20, p=1, Afc =20, Avc=3).

assignment of crowdshippers to parcels at its core (Le et al., 2019). Crowdshippers need to be as-
signed to parcels over time, yet crowdshipping operations face uncertainty. This paper focuses on
solving the crowdshipper-to-parcel dynamic assignment problem for a peer-to-peer crowdshipping
platform, with crowdshippers and parcels arriving stochastically and their availability dynam-
ically revealed. We propose an approximate dynamic programming (ADP) approach based on
value function approximation (VFA) to assign crowdshippers to parcels over time while consider-
ing the uncertainty in the future availability of crowdshippers and parcels. Our method estimates
whether parcels will be more valuable in the future, in which case it may be advantageous to
postpone their assignment rather than assigning them immediately.

Our computational experiments show that our ADP methodology outperforms the myopic
approach, increasing the cost savings achieved via crowdshipping by 4.1% on average and up to
20.5% and reducing the average detour per parcel by 26.4% on average and up to 60.8% compared
to the myopic approach. These experiments highlight the parameters that justify the use of a non-
myopic assignment method for the dynamic assignment problem in peer-to-peer crowdshipping:
when the length of the assignment window, the crowdshipper-to-parcel arrival ratio and the
fixed cost of the alternative delivery are high, the crowdshipper detour compensation is low, the
expected total number of parcels arriving per day is moderate and crowdshippers declare their
availability no time in advance. The application of our ADP approach is particularly warranted
when there is sufficient, but not excessive, availability of potential crowdshippers. Averaged over
the more favorable parameter configurations (with 6 >4, A > 20, p > 1, Afc > 20, Avc < 3),
the increase in cost savings compared to the myopic approach reaches 9.8%. We also adapt
our ADP approach to investigate the possibility of crowdshippers announcing their availability
in advance. The earlier the crowdshippers declare their availability in advance, the more the
increase in cost savings compared to the myopic approach decreases, with a decrease of 51% on
average when declaring their availability one decision time in advance.

This research can be extended in several directions to circumvent some limitations and ex-
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plore other research challenges. First, the crowdshipper-to-parcel assignment method developed
in this paper can be used to evaluate the impacts of crowdshipping, especially economic and
environmental. Detours need to be minimized in order to reduce the delivery costs and the
greenhouse gas emissions (Paloheimo et al., 2016), which our methodology helps to do. Second,
in this work, a parcel is delivered to its final destination by a single crowdshipper. Future re-
search could relax this assumption by enabling transshipment, which allows parcels to be handed

off between crowdshippers.
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